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ABSTRACT

The topic of the Ph.[project focuses on the modelling of the saiter dynamics inside an instrumented
embankment section along Secchia River (Cavezzo (MO)) in the period from 2@D28t@and the
guantification of theperformanceof the direct and indirect simulations terms of observedgimulated
behavior

The commercial code Hydrus2D by-Hrogress has been chosen to run the direct simulations. Different
soithydraulic models have been adopted and compared.

The parameters of the different hydraulic models are catdulausing a local optimization method based on
the Levenberg Marquardt algorithm implemented in the Hydrus package. The indirect estimations of the
model parameters are obtained from the minimization of an objective function starting &orimitial set

of the parameters and a dataset of observation points from in situ monitoring.

The calibration program is carried out using different types of dataset of observation points, different
weighting distributions, different combinations of optimized parametensd different initial sets of
parameters. The final goal is ardepth study of the potentialities and limits of the inverse analysis when
applied to a complex geotechnical problem as the case study (transient hydraulic and atmospheric
boundary conditionsmultilayered section, long period of simulation).

At first a qualitativethen a quantitative methodology, by means of a set of proper indices/metrics, have
been presented to investigate the behaviour of the large pool of indirect simulations in wridentify the
optimized set/s of parameters and the hydraulic model that better simulates the bank behavior.

The predictive capabilities of the optimized models have been tested in the validation phase upon a new
simulation period (201:2019) and a quditative estimation of the direct simulatiaperformance is
carried out similarly to what has been done in the calibration phase.

The second part of the research focuses on the effects of plant roots andeg@tatioratmosphere
interaction on the spaal and temporal distribution of pore water pressure in soil. The investigated soil
belongs to the West Charlestown Bypass embankment, part of the State Highway 23, Newaestthdia,

that showed in the past years shallow instabilities and the useraf ftem planting is intended to stabilize

the slope. The chosen plant species is the Malaleuca Styphelioides, native of eastern Australia.

The research activity included the design and realization of a specific large scale apparatus for laboratory
experiments. Local suction measurements at certain intervals of depth and radial distances from the root
bulb are recorded within the vegetated soil mass under controlled boundary conditions. The experiments
are then reproduced numerically using the commercialeeétydrus 2D that allows to simulate the plant
root water uptake (RWU) contribution. Laboratory data are used to calibrate the RWU parameters and the
parameters of the hydraulic model. In parallel, the physical and hydraulic properties of the investighted s
have been obtained by proper laboratory tests.
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from the soil surface of the imposed water table. The pore pressalues in time recorded by the installed
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Figure 90: Example abmposite SWRC (left) and hydraulic conductivity function (right) for aphrakity
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Figure 91: Evolution of pore pressure with time on the side of the rodt @), under the root bulb (b) and
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418mm in phase 3. RH is set ~78% in both phases............cccoooieeeii e, 307
Figure 92: Evolution of temperature with time on the side of the root bulb (a), under the root bulb (b) and
in the control zone (c) in phase 2 and 3. Water level is set to 495 mm from the soil surface in phase 2 and
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GENERAL INTROOUON TO THE MAIN TGHROF THE RESEAREARTI AND 1)

The researclproject focuses on two main topics:

- The modelling of the hydraulic and retention behaviour of an instrumented bank section along
Secchia River (Cavezzo (MO)) under transient seegag#tions. The soil hydraulic properties for
different hydraulic models are calibrated using an optimization algorithm based on the Levenberg
Marquardtmethod implemented in the commercial code Hyd&i3 by Pd’rogressThe calibration
process is carriedut considering various assumpti®on observation datasets, different weighting
distributions, combination of optimized parameters and initial guess of the parameters. The
research is configured as andepth study of the potentialities and limits ofd¢huse of the inverse
analysis method when applied to a complex geotechnical proldsthe presented case study. A
methodological approach for quantifying the quality of predictions of a large pool of indirect
simulationsis presented in ordeto identify the optimized set/s of parameters and the hydraulic
model that better simulates the riverbank behaviolihe calibration and validation processes are
firstly presented in theory then applied practicatty the large set of available indirechsilations
The presented research project has been carried out in Bologna University, School of Engineering,
under the supervision of prof. Guido Gottardi and dr Carmine Gerardo Gragnano.

The topic that has been briefly presentbére will be discussed iavery detailin PART | of the present
thesis.

- The RMS project focuses on the investigation of the effects of the etrapgpiration contribution
of plants on the spatial and temporal distribution of pore water presdsareoilby means of the
design ad realization of a largscale apparatusThe apparatus consists of a garden bed with a
plant in the middle; sensors monitoring the soil water potential at tn depths and radial
distance from the root bulb are installed.Different boundary condions are imposed to the
laboratory apparatus and experimental data are collected in tifftee laboratory experiments are
reproduced numerically using the commercial code HydRIx by PdProgress. An wdepth
calibration of thesoil hydraulic properties byneans of inverse analysis atite elaboration ofa
RWU spatial distributiomnitially by means of spatial distribution functiseravailable inliterature
(Vrugt et al, 2001) thensingexperimental laboratory datare reported. Potentialities and limits in
the use of availableoot spatial distribution functions are discussedThe presented research
project has been carried out during the research period in the Priority Research Centre for
Geotechnical Science and Engineeringyvehsity of Newcastle, Austlia under the supervision of
prof. Olivier Buzzi.

The topic that has been briefly presented herdl e discussed in every detail PART Il of the present
thesis.

Looking at similarities and differerebetween thetwo investigated case studies:

-both the topics arehydro-thermalmechanical problems
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-the riverbankin PART ik subjected to unsaturated conditions as effect of river level fluctuatiamle the
large scale apparatugn PART lis subjected to variable soil saturation subsengudo water level
imposition.

-the riverbank is subjected to transient seepage conditions, the large scale apparatus when boundary
conditions are applied is subjected to a transient seepage until the establishment of steady state
conditions.

-for both the case studiesthe mechanical and hydraulic parameters are dependent on soil saturation and
for the large scale apparatus also on the root bulb influence.

-the riverbank section is a multhyered domain andoil vertical and horizontal intrinsic heterogetyeis
encountered within the same layer while the large scale apparatus is filled with homogeneous soil and a
single layer has to be investigatéRiiverbank sil heterogeneity is a topic not addresses in the research and
layers are assumeds homogeneousonsidering the average of the hydraulic parameters obtained from
laboratory testdor each layer

-the installed sensors in the riverbank section collect monitoring data of water potential and water content
in time, while in the large scale apparatusyownlater potential data are recorded.

-to model the behaviour of the riverbank section it is relevant to consider the soil hysteretic behaviour
while for the RMS project the root water uptake by plant transpiratias to becomputed with higher
accuracy

-in the large scale apparatus the boundary conditions are imposed (water level on the bottom boundary
and relative humidity on the upper boundary). In the riverbank section boundary conditions are controlled
(as the hydrometric water level of the river),ntis controlled (atmospheric boundary conditions controlled

by means of a meteorological station, simplifications are adopted for the computation of the
evapotranspiration contribution), or uncontrolleadg in thebottom boundary of the modgl From all ths,

we can understand the different complexity of the two problems: in the RMS project all the variable are
controlled (temperature, humidity, suction, radiation, wind, water level imposed, lateral boundary
conditions) due to the fact that is a laboratogxperiment while in the riverbank project uncertainties on

the boundary conditions are greatas in the majority of the in situ experiments

-the evapetranspiration contribution due to vegetation cover has been addressed in both the project but
with a diferent degree of accuracy: in tHRMS projecthe focus is on the plant activity so the degree of
accuracy is extremely high while in the riverbank section the lack of experimental informaticrtdethe
adoption of simplifications.

-both the projects ge input hydraulic parameters obtained by laboratory tests (evaporation tests) but
obtained with different techniques: in the RMS project tensiomeaed chilled mirror device (WPby
Decagon Devigeeadings andthe hand spry method have been useditwestigate the SWR&hile for the
riverbank projecthe soil moisture release cuntdyprop by Meter and WR4

-a calibration procedure has been applied to both the projects\eith a different degree of complexity:

the RMS projectequires the optimization of one single layer (6 hydraulic parameters) while for the
riverbank section the optimization df layers (24 to 40 parametersfiven the lower complexity of the
laboratory experiment of PART Il and the lower number of indirect simulations performed, the evaluation
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procedure used is simpler and quicker with respect to the one of PART | even if based on the same
indices/metrics andhe same base concepts.

-the calibration procedure applied to the riverbank project focuses on the optimization of the hydraulic
parameters while in the RMS project on the optimization of hydraulic parameters and RWU spatial
parameters.

-both the projecs have as final goal the elaboration of a reliable pore water pressure distribution in certain
time instants of the simulation that could be used as initial conditiongufture stability analysisStability
analysiscould be performed othe investigatedbank section along Secchia River and, for the RMS project,
on the embankment along West Charlestown Bypass in Newcastle city which showed stability problems
and long stem plantings ka been proposedas in situ interventionsStability analygs havenot been
performed in the present thesis and they staasl future developments of the research.

From this brief presentationthe strong connections between the two main topics of the reseaaiid be
deduced. Both the topicare moving inside th samefield, unsaturated soil mechanics and modelling of the
water dynamics in transient conditiongVhile PARTI focusesmainly on the simulation of theeepage
phenomenonand the pwp distribution in close proximity of a root butb reproducethe condiions that
usually occuin the first meer of soil,in PART | the focusas the simulationof the pwp distributionin the
riverbank body below the first meters of soil where the influence of the plasittranspiration and
evaporation from the soil surfacgre minimal. This is due to a lower number of information available from
in situ monitoringthat does not allow an accuate simulation ofthe evapotranspirative contribution.
Despite the fact that the chosen plant in PART kgioot match the typicaliparian vegetation in the Po
Basin, the experimental setup and followipgocedure ofRWUparameters calibration could be applied
easilyalso to the case study of the riverbank sectand its vegetative covefhe information obtained in
the laboratory expriments could be integrated in a possible future numerical model of the investigated
riverbank in terms of evaptranspirative contribution in timeo be applieduniformly on the vegetated
atmospleric boundary omore preciselypunctually in the domainin proximity ofeachriparianplant. The
choice ofwhichapproachhasto be used depends on theaccuracy that is targetedrinally the two models,
simulating the seepage in the bank body and the evipospirative phenomenon close to the soil surface,
together are able to capture in a very accurate way the pwp distribution in time of the investigated
geotechnical problenfriverbank section subjected to transient boundary conditions). The pwp distribution,
matching with accuracy the real monitored phenomeimmathe most interesting time instants of the
simulation, could be imported as initial conditions for riverbank stability analyses vérieltthe final
purpose of these detailed numerical analysesom all this, it is possible to understand that both thpits
have the samaltimate goal andeach of themhaspotentialitieswhich balancdhe limits of the other.

17



PART |

18



1INTRODUCTIONO PART |

River flood are a worldvide natural hazards with huggocio- economicimpactsthat are expected to rise

in time due to populatiorincrease(urbanisationof flood-prone territory), economicgrowth (increase of
property values)climate change (Tanoue et al, 2016nprovement in collecting and reporting flood
disasters (Peduzzi et al, 2009) deds awareness of the population about natural riskeod, as defined by
Directive 2007/60/EC (European Directive) is the temporary coverage of areas by water from rivers,
streams, canals, lakes and sea for coastal aréas. present dissertation mainly focuses floods from

rivers and torrents.

The risk drivers used to understand and interpreggh complexphenomera are Yh@zard2 QeXposwr® Q
WlnerabilitQIQy Resli¢rRe) The summary definitions of these concepts are givethe followingfor
sake of clarity.

The concept ofth@zardRilinked to the possible occurrence of a phenomenon, process or human activity
that may cause health impacts, injuries, losslieés, environmental degradation and economic losses.
Hazards could act alone or in combinatiom,one episodeor more episodesequential in time, and are

defined by their location, origin, magnitude, frequency and probabiltgzard isoften and incorectly
2OSNI AR (2 GKS 02y OSLIi 2F NRal1xX odzi AGQa OdzZNNBy i

UERposur@ Q NB FSNAR (2 LIS2L) ST LINPLISNI &z Ay TFNI &idNHzO G dzNB
in the hazareprone areaghat could be potentially affected®@Inerabilit Q NBFSNE (2 GKS OF
community, human activity, system or area thatkes it susceptible of hazardamages. Vulnerability is
multidimensional in its naturdecauseit includes physical, ®@al, economic, environmental, cultural and
institutional factorsh F (i BxpostH®Q A & YA aldl {1 Syf & wuindraibnepdsuRe istah (1 K
necessary but not sufficieriictor of the risk It is possible to be exposed but not vulneral#ey( adopting

mitigation measures that zero the vulnerabilitydrposedareas susceptible of hazards).

¢ KSesiBiz® Q Aa (GKS loAaAfAde 2F | O2YYdzyrAtexr &a20AaS8SGex
hazard in a short time and in an efficient ma&nrrestarting vital infrastructures and servicesll the

O2y (i NRf f Ay Bazdddh @Fpostre) QvilzeidilitPanange temporally and geographicadlyd a

huge effort has been done in the past years to assessphtaltemporal characteistic of the flood hazard

under actual and possible future climatic scenarios at the glstele (Tanoue et al, 2016, Ward et al, 2013,
Hirabayashiet al, 2013, Winsemius et al,2016, among oth&t®.final goal ishe elaboration of a global

risk map toguide disaster risk reduction policies aimed at preventirayv disaster risksand reducing
existingones contributing to resilience strengthening and a future sustainable development of countries.

Italy has experienced a strong delay in the promulgatifnnorms addressed to natural hazard risk
reduction (landslides and floods) in urban planning. Law n° 183 (May,18,1989) is the first national
regulation that identifies the hydrographbasin as a territorial entitto be addressed andoordinatedas a

whole by the Basin Authority by means of a Basin Plan. Despite that, the law has full implementation only
after the catastrophic event of Sarno (May,5,1998). L. 267/1998 giselerationon the individuation and
classification of the areas Bjected to hydr@eological hazals and the elaboration of PAIl&@As for the
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HydrogeologicaRsset ofBasing. Directive 2007/60/CiEloods directive FD)implemented in Italy with the
Decree 49 (23/2/2010) defined new common lows across Europe for thiiaion and management of

the flood risk introducing three hydraulic hazard and risk scenarios and the Management Plans of the flood
risk.

In 2008, the Italian Institute for Environmental Protection and Research (ISPRA) has been established
(Decree n° 12 of 25 June 2008)n 2015, in the field of the hydrogeological risk, ISPRA mapped the entire
national territory using the information collected by Basin authorities, Regions and independent provinces
according to three scenarios (P1,P2,P3).

In 2017 ISPRApdated the flood hazard map of the national territory usiti;e samedifferent risk
scenariog(Trigila et al, 2018)P3 with return time between20 and 50 years (frequent floods), P2 with a
return time between 100 and 200 years (average probabilityanftf occurrence) and P1 (low probability of
floods or extreme event scenarioshhe conclusions that could be drawinom this studyare extremely
alarming 4,1% of thenational territory has a P3hydraulic hazard8,4% a P2 and 10,9% a fidod
probability. Emilia Romagnaiegion in the northen ltaly, hasa territorial extension 0f22452 kni and
possesses th#alian primacyof the highest rate of territory in dager (11,1%P3;45,7%P2, 35,5%tigila

et al, 2018Trigila et al, 203). Theconsiderablesxtension of area with P2 hazai E.R. is connected to the
main and secondarpatural hydrographic networlkand the dense network of artifici@rainage channels
(Trigila et al, 209).

To meet the need to better manadbe hydrogeological risdtalian public bodies were established in order
to be in charge of large river basinsarrying out infrastructuremaintenance andrisk mitigation
interventions, funding researclactivities for early warningsystems and emergency plans. @IRhe
interregional agency for th€oRive) deals with the mnagement of the Po Rivand itsbasin which covers
a huge surface7é 000km?) divided betweersixdifferent Italian regionsnd host a population of about 16
million of pele.

1_1AN OVERVIEWKIHE PROBLEM

The construction of embankmestlong river banks or costalreais a very old practice probably dating

back to the dawn of civilizatioriThe main function of these earthen retaining structures is to limit a
seepage process through it, which is guarantdgda low or very low permeability of the construction
materials used.For this reason fingrained materials with a low or very low fraction of coaggain
materialare used.In the majority of the casegor the constructionof artificial embankmentsthe material

chosenis the one available on sitén order to limit the cost of the intervention. Timcrease the levee
performance, sometimes a cover or an inner layer vin#tter characteristic is chosen and a compaction

phase is used to reduce the hydrimupermeabiliy of the soil. A natural slope has to be addressed with

even more care due to the higher spatial variability that is likelygencounteedin the inner layers. Even
withinaseOl f f SR QQ K2Y23SyS2dza f | cedaMiaaabilityd 2 A f  LINE LIS NI A

Compactedsoil, typical of river embankmestand transportation infrastructures, ignsaturated in the
construction phasebhut due to merostructure changs (loading) hydrometric fluctuation of the river level
and weather and vegetation conditionsinfall, evaporation and transpiration contributions) their degree
of saturation couldchange considerably in timéicalhoet al, 2018).The same conclusionazld be
extended to natural soilsSince the key parameter in slope stability is the soil strength which varies with
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suction, water content and degree of saturatidhjs of primary importance to have a good and reliable
estimation of the spatial and tengpal distribution of thesevariables (Rocchi et al, 2088 However this
problem seemsgyet a huge task for research and standaelotechnical studies becausergquires site
monitoring and advanced laboratortests (Gragnano et al, 2018Jhe developmentof high capacity
tensiometers(Mendes et al, 2008) and the use of instrumentasoleveloped for agricultural purposes for
the monitoring of supdficial soils (Bittelli, 2011) arappliedto monitor deeper soil layersre useful toot

to achieve this gogRocchi et al, 2018.

Assuggested by Gottardi et &@16), initial and boundaryonditions haveo be assessed properly because
they caninfluence strongly global safety conditiond’he design of earthen structures is entrusted to
stability analyses ba&sl on simplified hypothesis such as steady state conditiassociated with the
expected flooding pealnd the limiting situations of dry and total saturation duriragpid drawdown of the

river (Dapporto et al,2003 Calabresi et al, 20} disregarding isues related tcsoil partial saturationAll
these assumptiondead to overconservative results in termsf probability of failure (Gottardi and
Gragnano, 2016)he assumption dfteady state conditions equtd the maximum peak expected could be
reasonable for coarsgrained embankment but not for fingrained soilfor whichthe penetration of the
saturation line is poor and the embankment remains mostly in unsaturated conditions (Calabresi et al,
2013).For this reason, fingrained soil embankmerfears persistent flooding event of moderate water
level instead of high water leveccurredin a short periof time (Calabresi et a013).Moreover, Rinaldi

et al 004) underlines the importance of taking into consideration in bank stability arsathe complex
interaction between confining pressure given by the river and the pore water distribution in the bank.
Another crucial aspect is the estimation of the transpiration contribution given bgtgpland the root
reinforcement effect on slope stdliy due to an increase in soil shear strength.

The global picture that comes otitom the present literary review is of @ery complexgeotechnical
problem, with anumber of variableaspects to take into consideratiofor a reliable stability analysis
elaboration. Among other aspects the highly complex relation between infiltration, water content and pore
pressure change that is ndimear andhysteretic (Toll et al, 2016)

Realistic hypothesis on initiatonditions and on transient boundary conditions @nsient seepage
conditions) together withan in depth study of unsaturated and heterogeneous sdilsuld be at the base
of anyreliablerisk susceptibilityanalysis (Gottardi and Gragnano, 2016).

Recently, a consistent number of studiesfiacused on psitive and negative pore water pressure (Simon
et al, 2000; Rinaldi and Casagli, 1999 among others) incorporating their contnbirtidbanks stability.
These newdiscoveries alloweconsideringthe simplified hypothesispreviously adoptedn various bank
stability methods (Rinaldi et al, 209. In practice, slope stability is assessed using numerical analysis
performed by means of Limit Equilibrium Analysis, Eimit Discrete Element Method&inite Element
Methods are usedto determine the solution in terms of pore water pressure and water content
distribution calculated for each nod# a specific domain.
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1 _2 PROJECT BACKGROUND AND AIMS

The evaluation of model behavipo and performances performed commonly comparing observed and
simulaed data and investigating the closeness between them. Observed data are obtained by field
measuremens made within the domain.

But, the general approactased on the inspection simulatexbserved data, allows the modeller to
formulate a subjective assessemt of the model behaviar, usually dependent on the systematic or timing
over or underpredictionof the model. To evaluate objectivetygodel behaviour,it is necessary to make a
mathematical estimate of the error between simulated and observeédéhe majority of the evaluatien
of model behaviar performed in literature arecarried out presenting only graphical comparison and
subjective assessments. The diagisadhatcanbe made froma graph red to be supported by quantitative
measures.

Statistical metrics such as efficiency criteria, accuracy criteria, model selection criteria, statistical
significance criteria represent powerful means to perform vigorously a model evaluation. The importance
of usinga large number of metrics Bdeenareadystated in different research field but there is a general
lack of guidancen how to select the actual metrics to use. Each metric has specific pros and cons which
have to be taken into consideration during model evaluation. In fact different nsepi¢ emphasis on
different systematic or dynamic behavioural error of the model. It is therefore important to compare the
relative importance and suitability of each of these technigieesvaluate model prediction.

Several reasons lead to evaluate thafpemance of the modelising sets of metrics/indices:

(1) It is necessary to estimate quantitatively the model ability to reproduce historic thatather words, it
is necessary to evaluate the performance dil@ct simulationbased on observation poist(laboratory or
in situ data). The use of a set of metrics/indicethgsecasegyivesinsights on:

1 Thetype of data that are better oworse represented by the model (for example suction or water
content information).

1 Inwhich temporal periods of the simulation the phenomena are bettexvorse represented (for
example which flood events, which gféak periods..) in order to focus the effort of a calibration
phase on those periods of greater interest for the purposka certain study.

1 Which observation points (sensors) are better worse represented by the model in order to
understand if the problem is related to the reliability and accuracy of the recorded data or on the
ability of the model to reproduce thm.

1  Whichparts of the domain (for example layers) are bettervarrse represented by the model in
order to understand where to concentrate the efforts of the calibration phase.

(2) It is necessary to compare the sadigect simulationunder difierent constitutive models representing
the soil behaviour (for example different hydraulic models or different mechanical constitutive models), in
order to select the one/s that is/are able to represent optimally historic data.

(3) It is necessary to evalte the performance oindirect simulations(inverse analysis) in order to select
the optimized set/s of parameters that enhance the performance of the direct simulation from which the
calibration phasdasstarted.
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(4) It is necessary to evaluate improvents in themodelling approach obtained performing structural
modification to the model(different from changes in the model parameters considered in point (2))
including newly and additional observation information and representing important spatiateangoral
characteristics.

(5) It is necessary to estimate quantitatively the model ability to reproduce future @@ predictive
capability of the model)in other words, it is necessary to evaluate the performance difect simulation
during the valilation phase.

(6) It is necessary to compare the actual model eff@tformancewith previously done studies.
The ains of the present studyre the following:

1 To perform a quantitative evaluation of direct simulation of the investigated phenomena
(flooding history of the year 2018) using different hydraulic models, using difféy@aiogiesof
recorded data (pressure head or water content), different observation points (sensors) and trying
to concentrate the attention on the behaviour of tharsilation in the different temporal instants
and locations of the modelling domain. Points (1) and (2) of the previous list.

1 Toelaborate and evaluate a protocol fanalyzinghe performanceof indirect simulationsand for
guidng the calibration phase of the investigatedsimulation by means ofa quantitative and
objectiveprocedure.

1 To perform a quantitative evaluation of airect simulation on a newy investigated period
(flooding history of the year 2019) using the different set/s of optedihydraulic parameters
selected in the previous calibration phase. In fagipad calibration procedure is hecessary to have
a robust and flexible modelvhose predictive capacities have to be tested in a progdidation
phase Point (5) of the previoudist. As stated by Thirel et aRElH, calibration works to
FOO2YY2RIGS NBFfAGE odzi A &QFA YWLIINGS YW GG AGOK £ G YA (N
dance to a tune it has already he@&d

The present work stands as an interesting case study @liGgtion of inverse analysisusing the
commercial code Hydrus 2D by-Pégress. Hydrus 2D is a powerful numerical model that can be used for
both direct problems when the initial and boundary conditions for all involved processes and corresponding
model parameters are known, as well as inverse problems when some of the parameters need to be
calibrated or estimated from observed data

All these aspectare dealtin a problem of high complexity (multiyered domain, transient phenomena).
The topics are attessed by means of avaluation and critical angdis of the indirect simulations output
using different set of datistical metricéindices and different types of plotéables which are able to
highlight different aspects of thperformedindirect simuitions The author believes that this particular
case study is able thelp future modellers to analysguantitatively their model outputsthrough aclear
frameworkbecausepros and cons, difficulties and potentialitieacountered in gparametess optimization
procedureusingthe commerciakcode Hydrus2D when dealing with a complex problerare encountered
and faced.

The present work is subdivided in the following chapters:

23



In chapter 81 and82 the main theoretichbackground on which the research work is based is presented

and examined in detaff Ly LJ NI A Odzf I NJ OKIF LJGSNJ Z2m KAIKE AIKGaE
GSNNAG2NREQQ G23SGUKSNI gAGK Ala YIAYy & BeOiaddressedpbr S O2
the Italian and European governments. Moreover the meaning of the main risk driveezar{] exposure
vulnerability and resiliencgé has been presented and discussed. In chapter 81 1, the topic of the
embankment stability has been expas&ighlighting the difficulties and complexity of the problem to be
described which includes the description of many phenomena such as the transpiration contribution of
plants, the evaporation contribution frorthe soil surface, rainfall infiltration andhiiltration and seepage

due to river hydraulic level variatiorend animal activity (burrows formed in the river body). Complexity

could be found also in the model parameters that change in space and time due to soil heterogeneity and
soil hysteretic behaour. The first attempts made in the past to address the problem using simplified
hypothesis together with the new attempts to consider the phenomenon in its whole complexity are
discussed.

Chapter 82 contains the literary review with the definition bétmain soil properties as the matric suction

and the osmotic suction (chapter 82_1), the definition of the SWRC and the hydraulic conductivity function
(chapter 82_2) and the main hydraulic models to describe the SWRC as the van Genuchten model (chapter
82 3); the VGM considering an-&intry value of 2cm (chapter 82_4), the MVG of Vogel & Cislerova (1988)
(subchapter 82_4 1) and the MVG of Vogel et al (2000) (chapter 82_4 2) and the VGM considering the
hysteretic behaviour (both the parameters of the malrying and the main wetting curve enter in the
SWRC equation). Chapter 82_7 presents the Richards equation in its different forms and the intrinsic
problems related to its resolution are discussed. In chapter 82_7 the commercial code Hydrus 2D is
presentad with its main potentialities in the direct and indirect (inverse analysis) problersub-chapter

82 7 2, the full set of criteria/indices that are used in tf@lowing are presented giving details on pros

and cons of theiusefor model performance eaduation divided in themaintypologies: accuracy measures
(82_7_2 1), efficiency criteria (82_7_2_2); Model selection criteria (82_7 2 3) and statistical significance
criteria (82_7_2 _4)

Chapter 83 presents the case study together with the indadidun of the geographic location of the
instrumented bank section, the geometry of the section and the subdivision in layers performed through
CPTUs interpretation and the results of the physical characterization of the different layers. In chapter
83_1, he installed sensors are presented in terms of position in the bank section, accuracy and calibration
procedure adopted. Information are given also on the installation procedure adopted and the main
problems encountered. Chapter 83 2 focuses on the lalmoyatprocedure adopted to characterize
hydraulically the investigated soils and the hydraulic parameters obtained from laboratory SWRC are
presented together with a statistical analysis of the results.

Chapter 84 discusses the preliminary tests performedhendifferent metrics/indices presented in chapter
82 7 2 in order to individuate which show a logic and reliable behaviour in the different hypothesized
cases and which show ambiguous behaviddetrics are testedising synthetic datéof water contentand
pressure headwith different degree of noisePossible explanations of the different behaviafr the
metrics/indices are given.

Chapter 85 presents the numerical model of the investigated bank section elaborated for the simulation of
the 2018 period Details on initial conditions, boundary conditions, chosen observation points, model
parameters, time discretization, spatial discretization, iteration criteria are given. Subchapter 85_1 presents
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the sensitivity analysis performed on the hydraulic paesens of the models (the hysteretic ones and the
non-hysteretic ones), that is able to give precious information to be used in the following calibration
phases.

In chapter 86 a statistical comparison of the performance of models simulating the 2018 yegr us
different hydraulic models (VGM, HVGM, V@bin, HYGM2cm) by means at the beginning of qualitative
graphical methods then quantitative methods (set of metrics/indices), has been presented. A set of
statistical indices has been applied to the whole s&tobservation points to give a rough idea of the
performance of the simulations during the whole investigated period, then it has been applied to
interesting time periods (major flood peaks), then to single observation points in order to isolate the
behavour of different zone of the domain. Together these information are able to guide the modeller in
the difficult process of optimization of the model performance, identifying where the criticalities are or
helping in the choice of the best model to represa certain soil behaviour. Chapter 86_2 focuses on the
performance of the VGM, the simpler hydraulic model among the considered ones. Analysis for single
observation points/single sensor, whole set of observation points /sensors, different typologies of
observation points (pressure head data, water content data or both), different time intervals (peak or off
peak periods) are presented in detail.

In chapter§87 and its subchapteyrs calibration protocol divided in threghaseswill be firstly explained

then applied to the investigated models in order to select from a large pool of indirect simulations the final
datasets of potentially optimized parameter€hapter §7 focuses on the presentation of the calibration
programme performed on the four direct mode(HVGM, VGM, VGREm and HVGM2cm), explaining the
different datasets of observation points used, the different distributions of weights given to the
observation datasets, the different combinations of hydraulic parameters to be optimized which could
belong to the same layer or group of layers. Subchapter §7_1 presents a preliminary analysis of the results
of the calibration programme performed. The percentage of successful simulations is investigated and put
in relation with the hydraulic model used, thebservation dataset used, the number of hydraulic
parameters etc..

In subchapter §7_2 a preliminary quantification of the performance of the groups of inverse analysis (which
are composed of indirect simulations optimizing the same layer/s using the datasets of observation
points and the same weiglihg distribution) by means of a proper set of metrics/indices is presented; the
guantification is operated on the whole 2018 simulation peridtlis preliminary analysis is used to exclude
the groups ofriverse analysis that behave poorly in order to reduce the high number of simulations that
have to be analysed one by one in the next phase of the calibration (first phase of the calibration
programme). In this sense, subchapter 87 2 could be consideredelanmary and rapid phase of
evaluation of the performance of groups of inverse analysis.

In subchapter 87 _3 the first phase of the calibration programme is presented and then applied to the
present case studyThe first phase uses a set of metrics/indice® evaluate the deviation between
observedsimulated datasets. The set of metrics have been applied for the evaluation of the performance
during the wholesimulationperiodand during the flood peak and gfieak periods. The chosen metrics are

of typologiesaccuracy efficiency model selection criteria andtatistical significance criterigPoints are
given to the values of the metd¢calculatedfor each indirect simulationbased on the distance from the
best fit of the ind&. Points of each metric are scaled based on an internal weight with respect to the other
metric of the same group (accuragayfficiency etc) and based on an external weight with respect to the
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other groups of metrics. When the performance is calculated éach peak periods, points are scaled based
on the persistence of the flood and the hydrometric level reached

In subchapter §7_4he second phase of the calibration programisegresented. fie focus is switched on
the resuls of the inverse analysis, ¢hobtained optimized parameters and on the last iteration of the
inverse analysis.

In subchapter 87 _5the third phase of the calibration programme is applied to thess#t indirect
simulations that haveovercome the first and the second phases. The atien is focused on the
performance of the single sensoonsidering the whole simulation peri@hd the two main flood events of
the 2018 while in the first phase of the calibration the performance of the indirect simulations was
investigated basedn the performance of thewhole set of available observation points the whole
simulation period and on the flood pe&if peaks periods The set ofchosenmetrics is composed of
accuracy and efficiency metrics. Weights are given to the values of the mati@ording to the different
positions in the bank section, the different type of measurem&tid@r wc) and points are calculated based
on the enhancement with respect to the base simulatfaich uses theet ofinitial parametes).

In subchapter87_6 inverse analysis to optimize the hydraulic parameters of the embankment layer are
carried out starting from a different set of initial parameters (with respect to the one used in the previous
calibration programme performed) in order to investigate its riol¢he indirect problem and the behaviour

of the objective function starting from a different point in the parameters space.

In subchapter§87_7 weighting distributions (different from the ones used in the previous calibration
programme) are applied to thdataset of observation points used in the inverse analysis to optimize the
hydraulic parameters of the embankment layer. Weighting distributions are based on the different
positions of the sensors in the bank section, the different type of sensorsttandiifferent temporal
instants in which the observed data are recorded

In chapter§8 the procedure of performance evaluation in three phases used for the calibration programme
has beerapplied to a new monitoring period (year 2019) in order to eviauhe forecasting capability of

the investgated models (validation phase). The sets of optimized parameters that have overcome the third
phase of the calibration are tested again in order to individuate the final set of optimized parameter to use
for the investigated bank section.

In chapter 89 the addn module SLOPECUBE byPRigress has been used to elaborate the Scalar Field of

the Local Factor of Safety (SFLFS) of the investigated bank section (2018 year). Differences in the Local
Factor of Safety dtween the model using the set of base parameters and the model using the set of
optimized parameters are computed for different vertical sections and for different time instants of the
simulation. Stability analysis are not the focus of the present wak locates himself on a previous step,

the elaboration of reliable pwp distributions to be imported as initial conditions for future stability analysis.

For this reasonas aconclusion of the work, its considered interesting to highlight the irogant and
immediate repercussianon the results of simplified stability considerations adopting an optimized set of
parameters (obtained after an 4ddepth calibration and validation process) instead of the initial set of
hydraulic parameters.

In chapter810 final remarks on the performed work together with possible future developments are
presented.
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2 LITERAUREREVIEW

The literary review of ta presentthesis has to be intended as the background of information tdhail
subsequent work. An overviewn unsaturated soils, their hydraulic and mechanical properties and the
water retention modelf interestis presented.

The understanding of unsaturated soil mechanics principles has a wide range of mieeesuse it
concerns all geotechnical probleamassociated with soil above water level and compacted .soihe
classical soil mechanics assumes that soil voids are ditlgthy liquid phase (saturated conditis) or only

by gaseous phasalry conditions) and their mechanicakehavig could be desdbed by Terzaghi low for
effective stress. These two limit conditions (saturathgl) are addressed as singular cases in a wide range
of saturation ratio that soil could assume. In unsaturated conditions the phases are four: air, water, solid
phases and th contractile skin or aiwater interface (Fredlunedt al, 1978) thatpulls soil particles together
through surface tension like an elastic membrane. The airgressure (y) is taken as reference for the
independent stress variables, net normal stresigrfa u,) and matric suction (u,,) where y, is the pore
water pressureFor geotechnical engineering purposes pore air pressure could be considered ethal to
atmospheric pressure argkt equal tazero (4=0).

2_1TOTAL SUCTION, MATRIC SUCTION ANDOSNMUCTION

It is relevant at this stage to givef@amal definition ofi KS LINR LISNI & WwWQadzOiA2y QQ I i
potential  (per unit volume)The soil water potentiails the driving force that governs water movement

in soil and itis formally defin@l 8 GWS | Y2dzy G 2F 62N] GKFG Ydzad 0SS R
in order to transport reversibly and isothermally to the soil water at a considered point, an infinitesimal
guantity of water from areference pod(®Rslyng, 1963)The reference poadf water is arbitrary choseat

zero water potential. Soil is subjected to a variety of possible forces that influence water movement that

are the result of interactions between soil matrix and water (e.g. gravity, presence of solxtes)a gas

pressure etc)Briefly, suction could be seen as the result of te@mponentdequation 1]

suctior™ = ¢+ m [equation 1]
where :is the osmotic suction and,is the matric suction (both in units of pressure)

Osmotic suction is due teolutes dispersed in bulk water. As the concentration of ions increabes
osmotic suction increased.his component of the agtion could play a central role in problems with
physical barriers (membranes) to solute mowent or water movement viavapa. Matric suction is
generated bytwo phenomena:the capillarity phenomenon associated with the surface tension at the
interface bdéween air and water in soil pores and the adsorption (Lu and Likos, 208g)llary suction is
based on the same principle of capillary rise in a tube. Water is a dipole mothatiieside a water phase

is perfectly balanced (net forces equal to 0).thé interface between water and air, the system is not
equilibrated (net force toward the water surface). To restore the equilibrium water molecules are arranged
in such a way to creata tensile pull called surface tensiomhe surface tension acts liken &lastic
membrane in tension. When in contact with a solid surface as the borders of the cylinder, the interface
assumes a concawirvature (Tarantino, 2013T.heangle formed between water and surface is lower than
90° when adhesive forces (between watnd soil) prevail on cohesive forces in the liquid phHsaenisci

are present between soil particles, an additional compressive force is experienced by particles. The result is
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an overall increase inoil shearstrength. The absorption componerdf suction is the contribution to the
water potential given by the attraction experienced by water molecules to opposite charged soil surfaces or
ions attached to surfaces. The principles governing absorption component result from electricaltield.
strength of the bounds between particles and surface are inversely proportional to the distance between
them.

Changes in soil water ntent correspond to changes imatric suction. To a lower value of water content
corresponds a higher value of matric suatiand less watefilled spaces. Another important consequence

is thatsoil hydraulic conductivity decreases with water contesimce water pathways are more tortuous,
narrower and fewer and the large pores are the ones that dfast (Young, 2005). Thechange of
permeability with matric suction is €af SR WQLISNX S oA f AG& T ddgotease afy QQ |
conductive area of water to the water flow due to the increasing quantity of air trapped in the voids. The
movement of water along thin films @fbsorbed water around soil particles is the primary mechanism of

flow (Tokunaga, 2009)

2_ 2 THE SOIL WATER RETENTION CURVE AND HYDRAULIC CONDUCTIV
FUNCTION

The relation between suction and volumetric water contéat gravimetric water content rosaturation
ratio) is described by soil water retention cur{ WRE which exhibis hysteresis with respect to the
wetting/drying history. Note that many other different names are given to the same relation (SusiMQ
as SWCC (Soil Wat€haracteristic Curvegnd WRC (Water Retention Functionjhe mechanisithat
assure the hysteretic responsge broadly recognized as the ifdottle effect due to noruniformity in
interconnected pores, changes pore structure due to wetting and dryingair entrapment, cagliary
condensation and aging effedependent on drying and wetting path{$lillel, 1980; Lu and Likos, 2004;
Likos et al, 2014A similar hysteretibehavia is observed in the Hydraul@nductivity Function (HCF) that
relates hydraulic conductivityto suction. To simplify seepage analysis, hysterdighavio is commonly
disregarded leading to inaccurate predictions of pore water pressure aotlmetric water content
distribution (Liu et al, 2016).

7'y AIR ENTRY VALUE

1', SCANNING CURVES

RESIDUAL VOLUMETRIC
WATER CONTENT

!

Volumetric water content, 0

Suction (log scale)

Figurel SWRC after Toll, 22. The main wetting curve and the main drying curve are represented together with the graphical
indicaton2 ¥ G KS LI N} YSGSNIh 61 ANI SYiNR @ tdzS0 IyR ‘' NJ o

In Figurel a typical respogse to wetting and drying cycles of an initially saturated saniplpresented
Upon drying the material maintains a fully saturated state until a threshold value caltehtry value

28



(AEV)is reached.It is generally considered as the graphical pointresponding to the intersection of
tangents. The finer the materialthe higher the akentry value(AEV) AEV could be seen as the matric

suction able to break menisci formed by the water surface tension in the large pores, theranesd first

(Rahardjo 2019).Exceeded the aientry value air starts to penetrate in the voids (quasaturated soil

state). As drying proceedthe saturation ratio decreases while suction ieases, following the soalled

WAOYIl Ay RNE Jayatiallp daNdatsdOsh diatelthé desaturation is rapid and obtained with a
relatively low change in matrix suction until a residual degree of saturation (or a residual water content) is
reached. At this point it is necessary to increase significantly the suction iraloger to change the
saturation ratio (residual state)lhe residual water content is considered to occur at the intersection of
tangents.Theoretically the maximum matric suction value is not fixed, however a value of 1080\t
corresponds to a water cdent of 0,06% has been adoptedor thermodynamicreason (Fredlund et al,

2012. If at that point thespecimen is wettedthe degree of saturation incesesand another path is
followed 1 y26y | a WQYIFAY 6SGGAy3 OdivIbi@@eting @ dovribA y RN
coincide If the wetting isextremely slowa full saturation could be reached, while if it is rapid, air could be
trapped in the pores and a degree of saturation equal to 100% is not obtainable. If during the
wetting/drying path the process is reversed another path is followed internally to the zone between the

two main curves This path is calle# Qa OF Yy Ay 3 OdzZNBSQQd ! ff GKS Ay dSNY
the zone individuated by the two main curves could be assumesitd the hysteretichehavia already
mentioned. SWRC is dependent on various factors such as pore size distribution, shape, tortuosity, specific
surface area, mineralogy of soil particles.

2_3THE VG MODEL

SWRC are continuous and smooth curves obtainttithdfi a finite number of laboratory points using
numerical modelsThevan Genucten (1980)nalyticalmodel gives a good approximation of experimental
results for many soil typesVG equationgsee equations2,3,4] are a revision and modification of the
power-law function proposedy Brooks and Corey (196#at introduced an akientry value above which
the soil could be considered saturated.

Y s MQEN T [equation2]
Y pQEMN [equation3]
N - —- [equation4]

Where A & (GKS SFTFTSOGAGDS, aNd (rdxNS §iAiRSImUIRISNENESYBAT Ivate Econtedt
NEBALISOGA GBSt &3z h -éntyvalueBPa) lyigileNBicthn edd idithe $natlix udiorThe
LI NJ Y S (i S NJ shhe iNflBdtidMIpaing yf defines the she of the water retention curvedmé is a
fitting parameer identical for themain wetting and drying curveshat could be approximated by the
expressiorin equation 5(Mualem, 1976):

a p pre [equation5]

This constraint to the paramet@né is widely used in literature in order to reduce the number of unknown
parameters of the modelMoreover if amé and dné are independent parameters, the integral has n
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analytical solution and could be solvedly adding mathematicatomplexity (Bittelli et al, 2015) while
assumingmé S |j dré dermiisa diréct integration of the Muale@ gredictive model.

The parametethQiQrelated to the poresize distributbn of the soil while the parametaime is related to
the overall symmetry of the SWRkos et al, 2014¥%0ils with a narrow porsize distribution (and for this
reason a narrow suction range) have relatively large valuégh@Qitdmpared to soil with wider poresize
distribution. The hydraulic conductivity of unsaturated soils is function of the degresatofation S and it
could beobtained from VG expressioocombining it withthe statistical poresize distribution of Mualem
(1976)[see equation 6]Reliable and accurate measuremerdf hydraulic conductivity are time consuming,
costly and complexall thisleadsto the necessityf developingndirect methods to obtain K(h) (Vogel et al,
2000).

O OUYp p Y [equation 6]
Whereu is the saturated hydraulic conductivity.

2_4THE VG MODHEMPOSING A2cm AIR ENTRWYALUE

The imposition of an air entry valu# -2 cm to thevan GenghtenQ formulation is recommended for fire
textured soils (clay and silty clays) which havelsRgarameter close to its lower limit (1). This correction
introduces a small air entry value that has no influence on SWRC itselbrtty on the hydraulic
conductivity function close to saturatiodn air entry value of2cm forcesthe slope of the retention curve

close to saturation to be zerdR(" k RK ' s a resyilffhe K(h) function is less ndmear and more
accurate close to saturationThis correction is absolutely haecommended for medium and coarse
GSEGdINBR &2Af&a FT2N) 6KAOK GKS h-003lcmiVags @l isléed 02 Y S
(1988) and later Vogel et §000) were the first tounderline tte problem of the K(h) function close to
saturation

2_4 1MVG ACCORDING TO VOGEL AND CISLEROVA (1988)

Ippish et al 2006 demonstrated that under certain conditions (n<2 ahdk>1 where R is the airentry
value)the van Gencghten VG model predict erroneous hydraulic conductivitiggittelli et al,2015). Some
fine-grained materials interpreted with VG model show Horearity close to saturation and this aspect

could causeinstability, lower accuracy and problems of convergetlia FE models. The permeability
function is extremely sensible to change in the slope of SWRC, small changes of the function SWRC close to
saturation could have big impacts on convergence of the mgak simulation, especially when fine
textured soils arénvestigated (Vogel et al, 200

Vogd and Cislerova (1988) proposadnodified set ofequations ofthe VG mode(Modified van Genachten

model MVG)in order to overcome the possible uncertad n the determinationof h( ) near saturation.

¢CKS LIKeaAOkXa  LNBILIAYISOSRI 6.8 A il KS yRIF NIK ¥ &,k ENThe res@ting/ A y 3
SWRC is expressed with two distinct equations: from =R E K00 ‘I f Ay S| NJ S alzosi A 2y X
linear equation.¢ KS K& RNJ dzZf AO O2yRdzOUAGA(GE TFdzy Ol Aaoyf theh & 20
modified expressiorof the SWRC and theimtegrating (Vogel and Cislerova, 1988he Modified van
Genuwchten modelproposed by Vogel and Cislerova &89 couldbe written as followgequation from 7 to

11]:
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—Q ’ i} [equation 7]

[equation 8]

V| Q Q
where
0 Y Y —— [equation 9]
oY p V7 [equation 10]
Y —TY [equation 11]

2 4 2MVG ACCORDING TO VO&HIL (2000

In Vogel et al 2000 further changes to the formulation presenteid Vogel and Cislerova (1989) are
presented. A minimum capillary height is adopted in order to introduce a break in the function at a
certain negativevalue of pressure head. For this reasanhhs the same purpose of the @intry value
introducedby Brooks and Corgit964).hs has value ranging frorl to -2 cm in order to keep the-§hape

of VG model. Thadoption of the parameterhs is due to the neessity to have a noemero minimum
capillary heighfor the largest pore of thaoilbecausdt has little effects on the SWRC but large effects on
the predicted shape of K(h) near saturatifviogel et al,2000)The LJ: NJ Y Sid Substituted by the
paramdl SN A'G K Yy 2 LK@ &XQ.1The hyd&ililig donbdEtivity ks introduced, with ' Y

I vV RXK <dnd K<K. The Modifiedvan Geneghten modelproposed by Vogel et al (2000) could be written
as followgsee equations from 12 to 16]

—Q SIS [equation 12]
— Q Q

. 7

V] —_ — _— [equation 13]
viLiIQ Q 1Q

0 Q o —— N Q0 [equation 14]

O i Q Q
T .
0o— p — [equation 15]
Y — [equation 16]

The two models presented daot take into consideration the wettindrying hysteesis in soil hydraulic
behavia. In most of the cases it difficult obtaining laboratory data alontpe wetting path. The laboratory
and field methods are available but more complex and time consuming with respect to the onetoused
characterisehe dryingpath (Likos et al, 2014)
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2_5VG MODEL CONSIDERING THE HYSTERETIC BEHAVIOUR

Hydraulic hysteresis refers the nonunique relationship between water content arsoil water potential
an important variation in the water content can occur under the same water potential depending on the
history of drying/wetting to which the sample has been subjected.

In order toconsider the hysteretic behavioupoth the maindrying and wetting curves kato be known
The scanning curves are obtained scaling the main dmyitjng curves using different scaling approach
(the slope method, the point method, the domain method e} All the methods have almost the same
accuracy with which the scanning curves are simulated.

Hysteretic loops are representddd & A Iy A y 3 & S LIINS {087 ntdHtheHryir s padhing v
“m M n"to the wetting path.To reducethe number of parametershe following constraints could be
adopted(see equation 17)

[WE MNdg wind=nw [equation 17]

Additional congtaints could be used in case of lack of laboratory ds¢e equations 18 and 19)

\WE & | [equation B]

and
_ = — = — [equation 19]

These relations find laboratory confirmation in the worksSinunek et al(2006; Kool and Parkel98%);
Nielsen and Luckngl992, Pham et al4005 among others The use of the suggested constrains allows to
incorporate the hysteretic effect in the numerical flow model without increase the effort and with few
laboratory data required. Moreover the simulationiscluding hysteretic behaviour show higher
agreement withthe experimentaldata (Kool and Parker, 1987).

Using the SWRC model elaborateyl van Genchten (1980) the Initial Drying Qurve (IDC) and th&ain
Wetting Curve (MNVC) are described as follovescordingto Kool and Parkef1987)model [see equations
20and 21].

Y — p | (IDC) [equation20]

Y — p | - T # [equation 2]

Where is the soil suction (i kPa) All the other parametes have been alreadpresented The empirical

model elaboratedby Scott et a(1983) is then introducedand applied The water contat on a DSC (dry
scanning curve | 0 az2Aft &adzOGA2y A Aa &Olefe@riRe cirdeR Whenltfe/  § K
NE @S NA | fap)lidgikey(Bimumek et al, 2012)Thereversal point is the point when the drying and
wetting processes reverse

— — I — — [equation 2]
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f —* [equation 23]

[+E f1 [492 %) [equation 2]

- — [equation ]

Y [equation 5]

Where ‘ % Ain equation 22is the volumetric water contentvwd) 2y G KS L5/ & &&AAfl &
parameterNB f I 1 SR 2 { K equBighSbigthetolurnd®rik walfiel coritent for a scanning

curve at zerad dzO (i X°B $hd residual volumetric water content for a drying scanning curve. In the same
way,for the MWC the following equatian(from Z to 29) areobtained, when the reversal point is given:

— — I — — [equation 2]
[rwsE sqr §wzfiv) [equation 28]
ro— [equation D]

% K S NBin équation 27s the residal vwc fa tK S ¢ SG G A y 3  a'®aieyedugtieh 2Tsded S =
@2t dzYSUGNRO g GSNI O2yiSyd 2y GKS a2/ i GKS adzOdAa?2
To reduce the number of paramet&in the hystereticmodel the following constrainagre adopted:

[WE ME (] [equation30]
[ E M(valid if the air entrapment in the wetting process is ngigle) [equation 3]
nd= n¥=n (constrain used to define l§h) nonhysteretic) [equation 2]

Under the constraintseguation30) and équation 3) the eght parameters othe Kool and Parkdi1987)
Y2 RS 69 WhdnWpd p"yp NB RdzO§' ' (i 2 h?&a"AnE thatcanreduceto five using also
constrairs of equation 2 6 ‘, h®h" n)The last constraifequation 30 is the strongest because it
weakens the flexibility alhe model in representing the water retentidrehaviour (Liu et al, 201800l and

Parker, 198).

An analogous procedure is applied to the unsaturated hydraulic conductity for which, in the
hysteresis loopthe two functionskK(h) and K(h) are chaacterised by the parameters of the SWRC in the
drying and wetting branches and the saturated conductivity & K¥) (Simunek et al, 2016)

2_6 SEEPAGE ANALYSIS

Seepage analysis through porous mediaoisextreme interest in engineering disciplines fall that
concerns design of retention structures for hydric bodies (river,,laka), control of contaminants in the
ground and in the aquiferslope stability analysis. Of extreme importance for a reliable stabilityyaisa
assessmenbf embankmentsections is a proper definition of pore water pressure and water content
distributions that have an important influence not only on the hydraulic response of biaak but also on
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its mechanical behaviourAt the same way the transient seepage analysis thhoagdam subjected to
fluctuation of the reservoir level is strongly affected by the conditions in the unsaturatedthabbave to

be taken inaccountproperly (Freeze, 1971; Lam and Fredlund, 198¢ater is free to flow through the
interconnected poresunder a hydraulic gradientand the phenomenorh @ RS&AONRAROGSR dza A y:
theorem (gravitational head and pore water pressure head are the main driving forces in geotechnical
LIN2POf SYAU | yRchabds NUBE)@ &he first im@ understood thA 51 ND@ Qa 263 ¢
originallyelaboratedfor saturated soil, could be equally applied to unsaturated soil and the permeability

not a constant but function of the matric suction of the soil, K{fime pressure gradienthat drives the

gaseous phasd & Yy S3ft SO SeRuatibrnyw AWAKO KNRNERE QS lj dzF GA 2y O2dzZ R 06 S
forms: in 1D the mixed water content form (because it mixes water content and water potential), in water
contentform (only the water content is present) or in watertpatial form (only water potential is present)

(Farthing and Ogden, 201'Herein equation 3 the water potential based form is presented:

— — 0 — [equation 3]

GKSNBE * A& GKS 61 GSNI O2y i Sy lispecific watércapadityfl] ihdt is BdNJ LI2 |
slope of the SWRE. K S-based form is applicable to unsaturated and neaturation onditions, but the
mass balance error could be relevant and the convergenoéslow (Hendriks, 2010)

In 20 Richard equation could be written as followsequation 3 (neglecting the water loss through root
uptake and evaporation(Simunelet al 2006)

— — 0 0L — 0 [equation 3]

~

O M U dh o Godn [equation 35]

where xare the spatial coordinates (i=1,2), Kijnd KiZ*are component of the anisotropy tensof Kif the
flow is isotropic (i.e. the hydraulic paeability K is equal in the haontal and vertical directionf* has
element equal to 1 in the diagonal and equal tm@he off-diagonal.

Richard§equation is a highly netinear partial differential equation, almost impossible to solve in a closed

form with the exception of a small number chses (Miller et al, 1998). This due to the fact that the

relation is dependent on two highly ndimear equatiosy G KS K& RNJ dzZf A O 02y RdzOG A @7
gFGSNI LRIOSYGALE A ©289 & KSwyn Ailedr seiifar big ghddogosinde
grtdzS§ 2F AX Y Aa Oft24S (2 1 SNR® ¢ KA Bartfhg dantlBgdeh, O & ¢
2017).

The first attempt to solve seepage problems was graphical, usiegso cdl SR WYOHf 2B I K2 RQ
proposedby Casagrande (1937he method could be applied for simple problems in which soil is isotropic

and homogeneous and the hypothesis at the base of the method is acceptable (water flows only in the
saturated zone). The firattempt to model by finite elemertthe flow in the saturated zone was made by

Taylor and Brown (1967) in whittie water table is assumed as upper boundary condition and using a trial

and error procedure its position is located in the modeteeze (19%) proposed for the first time a

WQal (dizNg 1 BdRNI (uSily a ¥nteRiBféredc® modéh which pressure heads are calculated also

for the unsaturated zoneLeam and Fredlund, 1984; Lam and Fredlur893. With the innovation brought
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by highspeeal digital computers, numerical methods, especially finite element methadsnow able to

give solution to complex seepage problentée ack of a solutionreliability, convergence problems (slow

or not possible) are yainsolved problems that imposegs y' I f 6 & 2y GKS dzaS 2F wA O
(Farthing and Ogden, 201A.robust and accurate solution methodology to be agto a large vaety of

soil has not yet beeidentified.

2_7 NUMERICAL DIRECT AND INVERSE MODELLING USING HYDRUS SOFTWARE

Hydrus program is a computer package to simulate water flow, pollution or heat propagation through a
saturated or unsaturated porous media, under steady state or variable boundary conditions. This is done in
a 1D space using Hydrus 1D, in a 2D (verticalhamizontal planes) and 3D variably saturated domains
(axisimmetrical or fully 3D) using Hydrus 2D/3D.

Hydrus is a powerful tool that traces its origin from the innovative work and first compuottware
elaboration of van Geruliten at the end of the sevéné Qa 6 { ! a! ¢w! | yR 2hwat0x 2
0 KS SA IW)ilated &f Kabl{aAd van Gediten (Hydrus) and Simunek in 1998 (Hydrus (EDhunek

et al, 2012) Hydrus 1D, 2xand 3D have become widely usexbftware whose codes were reviewe
favourably several times and on whose application to real case studies a wide bibliography is available
(Simunek et al, 2012).

The program solves Richaf@égjuation for saturated and unsaturated flows using massped linear finite
element schemes in @ict problems, when model parameters, initial and boundary conditions are known.
Hydrus allowsunningalso inverse problem in which one or more parameters are calibrated or estimated
from observed data. Model calibration and inverse parametestimation are performed using an
implemented local optimization approach based on Levenidagquardt method which will be discussed

in details in the following chapteé§2 7 1.

Different models have been implemented in Hydrus code to describe unsaturatduydadulic behaviour:

van Genuchten (1980), Brooks and Corey (1964), modified van Genuchten (Vogel and Cislerova, 1988),
Durner (1994), and Kosugi (1996). Soil hysteretic behaviour could be incorpamatieel van Genuchten

model (1980)as seen in chapte§2_5 Hydrus codecan simulate a great number of processes such as
precipitation, infiltration, irrigation, evaporation, capillary rise, root water uptake, soil water storage.
Hydrus has been applied successfully to a wide range of spatial and tdrespala from the 1D laboratory
experiment to themodelling of transport domain hundreds of meters wide. Due to the highlylimearity

of Richard€equationit is preferable to maintain a medium scale because the spatial discretisation of the
geometry equires a finemesh close to atmospheric boundaries where large hydraulic gradients are
expected. This leads to convergence problems or very long calculatier{Simunek et al, 2012).

As extensively discussed in chap®er 6, Richard€equation describesvater flow in an unsaturated porous
media. Hydrus solves the equation implementing the soil hydraulic functions #fl0&Em to describe
unsaturated conductivity in terms of water retentigrarameters (Simunek et al, 2006). Hydrus uses a Finite
Element nunerical approach to solve Richafiigjuation in space and a Finite Difference approiactime.

The finite difference approach uses the mixed form of the Richard equation to develop a set of algebraic
equatiors.
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2_7 _1MODEL CALIBRATION AND INVERSE ESONAH THEYDRAULIBARAMETER

Hydrus software could be used for direct problems (model parameters, boundary conditionsitad
conditions are known)nd indirect problems (one or more parameters are unknown and need to be
estimated from observed datar some parameters valgehave an high degree of uncertainty arttiey
need to be calibrated properly in the model).

The modelswhich are most often usedare parametric models i.e. they include parameters. Parameters
could be defined as numeric factorstime model equations that could make the model flexible assuming
different values. As their value change, the flexible shape of the equations chamge the structureis
maintained. Parameters could be of different nature and they could assume a fiwdgeyva value
dependent on time or on the state of the system. Parameters adapt and optimize model performances
while model tries to represent natural phenomena. To be applied to a model, all parameters need to be
initially estimated, then calibrated, theoptimized andafter that, we can state thahe model is calibrated,
parameerized and optimized.

Model calibration is the procedure to tune a model for a specific problem by manipulating the input
parameters (e.g. soil hydraulic parameters), boundarydi@fons, initial conditions in a reasonably range of
values until the output of the model closely match the observed values (e.g. water content, pressure head,
fluxes, concentrations et¢bimunek and Hopman, 2002).

The most common and used approaichmodel calibration is the selection of an objective function that
measures the agreement between predicted data (by the model) and the measured data. The minimization

of the objective function gives in output the bef#t parameters. In the past, calibrationas performed by

a trial and error technique, a very time consuming procedure thagsdwt ensure good results. The
calibration procedure is concluded when the model is able to reproduce data within a subjectively
acceptable level oprecision (Konikow and@redehoeft, 1992) When the main goal of the calibration
procedure is not to obtain a better fit between measured and observed data but rather to optimize
dzy1y26y LI NIYSGSNE Ay (GKIFG Y2ROLE NHKS(H SINNERDIFEBY Al
Y LImdtdrestimatiorQQ 0 { AYdzyS1 YR RS 234X mMdbddpdpL o

It is important at this point to make a summary of the various routinely analysis used in the theory and
application of the inverse modelling. The optimisation of the parameters is performed by systematically
minimizing thesum of the squares of thdifferences between olmved and simulated variable$his sum
isexpressed by an objective functiond i[aguation 36]:

% MM B 0B 0iR ofd 1 ofh [equation 36]

where g* are the measured variablesfigkK S SadGAYF SR @I NAIlo6fSa o6& Y2RSt
optimized parameters describing, in our case, unsaturated soil hydraulic properties (i.e. soil water retention
parameters, hydraulic permeability function)n, in the first summation repmsents the different
measurement types (i.e. pressuhead, water content)ng is the number of measuremesfor a certain

type j of measurementy; is the weight used to homogenize different data types by means of a
normalization procedure or assumingequal to the measurement variance of measurement typs; are

the weightsassigned to the individualata (Hopmans et al 2002;.Simunek et al, 2002)
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01 0 A& ofSIASRK @ISRasM|) di¥ NB and &alang a6l the 2riéd3@ement errors are
uncorrelated and independent (i.e. the weighy; wontains the measurement error information), it is also
the maximumlikelihood estimator (it maximizes tHi&elihood function).

X — [equation 37]

where |is the variance of the measurement errorgpf.

The objective function implemented in Hydrus adds to the weightedst square dimator additional
informationand it is definedas the sum of three components:
h h

%ol MM 0 VRN WO N doh O ORA — n — 017t

[equation 38]

Where the first term has been already presented and discussed, the second represents the differences
between independently measured and predicted soil hydraulic pararseier all the investigated layers.

p*, p, x , O, myand n, have a similar meanings as the first term. The third term is a penalisation term
0SU6SSY AYAHRT GKESHAKRIRING défiA O LI NI Y S, 58 M@ nuinbérof G K S A
parameters with prior knowledge artd are the preassigned wights.

Hydrus software package has implemented a Levenbtagguardt method (Maraquardt, 1963; Simunek

and Hopmans, 2002) to miimize the objective function in order to perform inverse estimation of hydraulic,
solute and heat transport parameters in steashate or transient flow models. Levenbekgarquardt
method has become a standard in nonlinear squares fitting, it combines the Newton method with the
steepest descend method. This method assumes that the covariance matrices are diagonal. The covariance
matrix gives information on possible correlation between parameters and on the measurement accuracy
(Simunek and Hopman, 2002). Theost significant advantage of Levenbelgarquardt method is its
computational efficiency because it needar fewer direct moeél evaluatiors compared to others
resolutiontechniques (Simunek et al, 2012). TitevenbergMarquardt method needs an initial estimaibf

the unknown parameters to be optimized. The objective functids computedin the neighborhoodof the

initial estimate to unérstand which directiornas to betaken in order to optimize the parameters.

2 7_2MODEL PERFORMANCE EVALUABYSYATISTICAL ANALYSIS

The most frequently used calibration proagé isthrough the optimization of model performancesvhich
is carried out comparing simulatedbserved data. This is the procedure to whprticular attention will
be paidin this chapter and in the followirsgpf the present thesis.

Levels of acceptableccuracy and precision are set to evaluate if a model gives a good representation of an
observable natural phenomenon. No model could be detailed enough to be valid floe aimulations, this

is the reason why the modelr must decide with processes ave to be modelled anthe level of desired
accuracy and precisido be setto validate the model.

The typical approach adopted to evaluatedel performanceuses the comparison between simulated
output and a set of observations. Model performance candogressed by means of qualitative and
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guantitative criteria. Qualitative criteria essentially rely on the graphical comparison between observed and
simulated data, whereas quantitative criteria are based on numerical performance metrics {cegnd
Bothapproaches are fundamental tools to be used. The choice of the validation criteria is guided by several
factors such as the nature of the simulated variables, the main model puspogkthe simulation model

itself. There are many metricable to take intoconsiderationthe different sources of uncertainty
associated with input da, model structure and parametization. Many remarks have been addressed to
traditional lumped metrics for their lack of diagnostic power or inability to capture differencesdagtw
different model or parameter sets leading to ambiguevsluatiors.

We present a review gbbust performance metricfr indiceg to provide a quantitative estimate of model
reliability. These metrics could be dividedlimee main groups.

9 The Accuracy metrics are able to evaluate the ability of the model to reproduce the observed
phenomenon; the accuracy is largely dependent on the accuracy of the model input parameters
and on the model ability (by means of the implemented equations) to represergessfully the
physical system.

1 The Hficiency metricsare used to assess the quality of a model performance measuring the
deviance between estimated and true values and the variance of the two input daiagbe key
parameter to guide the analysis.

1 TheModel selection metricare used commonly for model evaluation and selection. These metrics
take into account the goodness of the fit and the model complexity in terms of number of
parameters. These incksare based on the entropy concepincethey areable to measure the
quantity of the dataset information that are lost when a model is used to represent a natural
phenomenon. This type of metrics éxtremely relevant because the maximtikelihood approach
adopted in the inverse problem performs the apization of the parameters without questiing
the adequacy of the modeised.

All theseindices will guide the calibration phase of the investigated model that is dividednie pre
calibration step and threenain steps. The prealibration step is a pse of skimming of the large number
of performed inverse analisusing amallselection of metrics. Ae first, second and third steplead tothe
identification of thesets ofoptimized parameters usingvery time differentgroups of statistical metrics
that highlight different aspectsf the inversgproblem

2 7 2_1ACCURAQMETRICS

Common metrics to evaluate the forecast accuracy include MAE (Mean Absolute Error), MBE (Mean Bias
Error) MSE (Mean Square ErroRMSE (Root Mean Square Er@iRM (Coefficient of Residual MasSIEC
(Standard Error Coefficient) and NCOV (Normalized Coefficient of Varidtios)always important to
remember that MAEMBE and RMSEave the same units ahe variable under investigation and thus
cannot be compard to variables that are scaled differentiyn order to eliminate the influence of the
different dimensionsn the accuracy metrics MSE, MBE, MSE, RM&#ics are divided by the mean of the
observed valued)) as proposed by Cai et al (201&xcuracy metrics could be used in the direct problem

to evaluate the accuracy of a model and to guide the calibration process in the indirect problem hiat also
guide the evaluation of the performance in the validatigprocess on newly observesimulated dataset
(crossvalidation).
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- MAE(Mean Absolute Error)
-1 %-Bs 3s [equation 39]

Where 0 is the observation valu€y is the simulated value andhQtf@e number of available real data.
MAE is the simplest measure of forecast accuracy and it is simply, as the name supgeasiean of the
absolute values of theifference between the real value and the forecasted value, where all individual
differences have the same weight. It considers the average magnitude of the errors in a set of pregliction
without considering their direction (positive or negative). MAE camge from Q(best fit) to infinite and it
expresses the average model prediction error in units of the variable of interest.

- MBE (Mean Bias Error)
"o -B - 3 [equation 40]

Where 0 is the observation valu€y is the simulated value andghQtfe number ofavailable real data.

The Mean Bias Error is usually not used as a measure of the model error because high individual errors in
the prediction could also givelaw 0 6 ‘OMeanBiasEror is primarily used to estimate the average bias in

the model andto decide if any steps need to be taken to correct the model lBEcan range from 0

(best fit) to infinite and itaptures the average bias in the prediction

- MSE (Mean Square Error)
-3%-3B - 3 [equation 41]

Where0 is the observation valu€y is the simulated value andghQtfe number of available real data.
The MSE is calculated as the ag® square difference between simulateddaobserved data andt is
always strictly positiveMSE has the same units of the square of the estimated quantity in the brackets.
MSEcould range from 0 (best fit) to infinite.

- RMSE (Root Mean Square Error)

2-% -B - 3 [equation 42]

Where0 is the observation valu€y is the simulated value andhQt®e number of awilable real data.

RMSE, called also Root Mean Square Deviation (RMSD), is a worldwide used parameter to measure the
difference between values predicted by model and values obserUd individual differences (in brackets)

are called¥e&idualf Q

An alternative formulation of RMSE thedn be used when different weights are given inside a specific
dataset of measures is the followingi(hunek and Hopmans, 2002) :

2-3%

B x - 3 [equation 43]

Where e aeib thmsmumber of recorded measuremesand s sedisethe number of estimated parartess, (it
m) is the degree of freedom and thie weight associated to each measurement of a dataset.
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Loague and Green (1991) proposed to divide RSME by the mean albskesed values. However, relate
RMSE to the average of the observed data produme ungable index with values very close to zero.
Despite thisthe normalization oRME facilitates the comparison between datasets or mod#lat use
different scales.For this reasonLoague and Green introduced another very usefotiex, CRM, the
coefficiert of residual mas¢Loague and Green, 1991)

- CRM (Coefficient of Residual Mass)

B B .
# 2 - —s [equation 44]
Where 0 is the observation valu€y is the simulated value andhQtf@e number of available real data.
CRM measures the model tendency to underestimate or overestimate the measurements. The model
underestimates the measurementavhen CRM has a positive vaJughile the model has a tendency to
overestimate when CRM hasnegative valueAs the model efficiency NSE, CRM has letaduced by

Loague and Gree1991). For a perfect model, CRM is equal to O (best fit).

Ifthe CRMisELING&&4SR Ay LISNOSY(lI ABSSOAIG A 2 ¥ dABDENMaRIBYF ¥ I ¥ S
the World Meteorological Organizatio’WMO (1986).

B

$ Ob Zp T T [equation 45]

B
- SEC (Standard Error Coefficient/Stand&rdor Parameter)

In statistics variancé measures how far a set of dat@ 8 841 is distributed with respect toits mean
valued The variance is defined as follow [equations 46, 47,48]

» BT [equation 46]
® B s [equation 47]
g 2 [equation 48]

" —_— [equation 49]

Thestandard deviations a measure of the amount of variatiodigpersion of a set of data. fow standard
deviation indicates that the values tend to be close to thean (also calledhe expected valupwhile a
high standard deviation indicates that the values digtributed over a wider range. Standard deviatisra
measure of uncertainty. The standadéviation of a group of repeatatheasurementgjivesinformation on
the precisionof these measurementdf the modelerneeds to understand ifmeasurements agreer not
with a theoretical prediction, the standard deviationtbiese measuements is of crucial importancd.the
mean of the measurements is too far from the gietion (with the distance measuragsing thestandard
deviation), then the theory being tested probably needs to be revised. This makes sensettsince
measurementgall outside the range of values that coulehsonably be expected to occifithe predictions
were correct and the standard deviatiavasappropriately quantified. Standard deviationudd be used to
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obtain alsoconfidence intervals orhe variance of residuals froml@ast squaredit under standard normal
theory, whereéné is now the number oflegrees of freedonfseechapter§2_7 2 5.

Now we can dfine the standard error coefficient (SEG)andard error is a statistical index that measures
the accuracy with which a sample distribution represents a populdiionsing standard deviation. Usually
SEC refers to the standard deviation of a statispeameter such as the mean or the median. For example
the standard error of the mea3 %#{ expresses the standard deviation of the distribution of sample
means sampled from a population. The general formulation is:

3 %8l = [equation50]

Where is the sample standard deviation alHtiQtte sample size.

3 %4 is calculated taking the standard dation and dividing it by the square root of the sample size
depends on both the standard deviation and the sample size. It is inversely proportional to the sample size:
the larger the sample size, the smaller the standard error. If we wamvedigate how widelyscattered

some measurementare, we can use the standard deviation. If we want tovigstigatethe uncertainty
around the estimate of the mean measurement, ean usehe standard error of the mean.

The concept of theSandard Eror Coefficient @an be applied to a system of equations for which the
significance of each parameter aims to be investigated. The application to the systibomw @fquations
solvedby the LevenbergMarquardt (LM) algorithm is presented.

In the following, vectors aharrays appear in bold. Let@2@e an assumed functional relatiovhich maps
a parameters vectoP N a1 to an estimate measurements vectar :

- Rli Brs® eva® pPvg a & [equation51]
»P  [JeP (residuals) [equation52]
i Qe "Q phh [equation53]

TheLMalgorithmminimizes the objective function :
B P Bi P [equation 5]

Starting with an initial gue€®® for the minimum, the method proceeds by iterations:

pli pll ¥p [equation 5]
J o d .
LL,;',OLL,_ P LL,;',O» [equation ]
L .. :»PB .
*m¥Y T .p [equation 5]
o d | .
yP 5 .”'vf)”'». oly .-'|v:) [equation ]

where ”—,_ﬂ,denotes the matrix transpose.

The matrix ”—,j',i)”-,- 4 n the lefthand side is the approximate Hessian.
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The residual standard deviation is defined as:

" E— [equation 3]
NQQQQQEXD QQQ&aG &

Itis relevant to note the likeness between this formula and the general formulatiGn(@&Egree of freedom
instead of sample size, sumapiadratic residuals instead of the standard dednji

To calculate the proper standard error for a given parameter the following formula is applied:
” ., 00 [equation60]

WhereO is the j_th digonal element of the inverse of thdessian matrix:

o D [equation61]

» provides a measure of how precisely each parameter has been estimated. It must, however, be

interpreted with care. In fact its computation is based on the assumption that the data points are
statistically independent. Under such circumstances FaeameterSandard Eror underestimates the true
error.

We are often interested in verifying hypothesenone single estimated parametén order to understand
if the model under investigatiois pamameter redundant

At-test could be used to evaluate the significance of each parameter:

O N ¥Bi Qi — T

O@N &I A — 7

If the (  hypothesis is trugf, parameter could be eliminated from the model. Thealue is equal to:

o — [equation62]

Oncethe statisticvalue 0 is determined we have to read in-test table thecritical valueQy, of the
{ G dzR $dfstribution described byaf8Q & & sedegreeof freedom corresponding to thsignificance
level | of our choice (5% i.e. T8t ).If0 O  we reject( that means that the parameteris

significant.
-NC/ (Normalized Coeffient of Variation)

The Coefficient of Variation (CV) also known as th&elative Standard Deviatiois, a statistical measure of
the dispersion of a data set around the mean. It is calculated as the ratio of the standard deviation to the
mean and it is usuly expressed in percentage (NCV).

#6 T [equation 63]
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. #6 —rz pTT [equation64]
where:®0 @8 &t and 3 2—.

The Coefficient of Variatio(CV)is sometimes preferred to the standard deviation because it is
indepencent of the unit of measurement. When cguaring the variability between dasgts with different
measurement scales or very different mean values, the coefficient of variation can be a useful alternative
or complement to the standard deviation. Higher the, Gkéaterthe spread of the data arounthe mean.
However, the coefficient of variation should not be usetien the mean value is clos® zero. he
coefficient ofvariation can approach infinignd its value is susceptéto small changes in the mean.

The downside is that CV is invariant to the number of data so it does not show the indredise
measurements certainty with the ineasing number of input data. For this particular lintite standard
deviation isa superior indicatar

2 7 2 2EFFICIENCRITERIA

In this section, the Efficiency Criteria used in this study are presented and discussed. In pditieula
criteria have been used:

Coefficient of determination.

NashSutcliffe efficiency.

Nash Sutcliffe effciency with logarithmic values.

Index ofAgreement, together with four modified forms that may provide more information on the
systematic and dynamic errorsgsent in the model simulation.

il
il
)l
)l

Below a series of definitions, used later to introduce efficiency criteria parameters, are reported

@ -B & (meanvalue) [equation &]
” -B ® & (variance) [equation 6]
” -B & & (standard deviation) [equation67]
GE W -B O ® IO © (covariance) [equation @8]

- NSE (Nastsutcliffe Efficiency)

B

0 "YO p S

[equation )]
Where0 is the observation valuéY is the simulated valuejhQtfe number of observed datand 0 the

mean of the observed valuels.is used irmlmostevery field of simulationThe NSEriterionis a normalized
statistic parameter that measures the relative magnitude of the model error variance compared to the
measured datavariance (Nashral Sutcliffe, 1970). Theiggest disadvantage of N$Eterion is the fact

that the differences observedimulated data are calculated as squared values. In this way larger values in a
time series are strongly overestimated while lower valaesneglectedLegates and McCabe, 1999)
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. 3 %lcorresponds to a perfect match between modelled and observed; data
. 3 #0indicates that the model predictions are as accurate as the mean of the observed data
. 3 %0 indicates that the mean of the observed data litier predictor than the model

NSE is born and firstly used to calibrate parameters of hydrological maedelsmpare modelling results
and to communicate the results to stakeholderstorother modellers(Moussa et al, 201Q)SE in flow
models is ofta applied to short time period (a day or couple of days) to evaluate model ability to represent
extreme valuegfor example flow peaRsIf applied to long time period (monthif is used to evaluate the
general pattern of flows without considering the gla events. In this case, it is not recommended to use
NSE parameter to evaluate the model during the low flows because the paraiset@minated by the
high flowserrors (Thirel et al, 2014)This is because NSE is not sensitive to systematic modebouer
under predictions especially in lofiigne simulations. NSE has a range from 1 (best fit) ittfinite (usually
when NSE <0, the simulation is unacceptable).

- NSE logNashSutcliffe efficiency with logarithmic valugs

B

0°YO »p [equation70]
B

0 e © [equation71]

Y AEM [equation72]

Wherel is theobservation valu€yY is the simulated valuathQte number of observed data and  is

the mean of the0 values with ivarying from 1 to4hQ @¥Qi€ a positive constant equal to the 1.0
percentile of the observed data. The use of this constantigphasises all the very small values that tend
to be unrealistic and avoids numerical problem when attempting to calcutadogarithm of 0. For the
same reason it is not possible to apply N3& negative or zero because the logarithm in these cases is
undefined.

To overcome the problem related to NSE sensitivity to extreme values and the squared différetiees
field of hydraulic modellingNSE has beeaalculatedusing the logarithm of the datan this way, when
NSk is applied to model of flux the flow peaks are flattened and the low flow kept at the same level. In
this way the parameter is more sensible to lolew values and in general the sensitivity to systematic
model over and under prediction is incread&eiller et al, 2012).

-RPé NE2Yy Q& O2NNBfFGA2Yy O2STFFAOASY

. B r .
Y = 55 - [equation73]

Where0 is the observation Maes, Y is the simulated valug YQthe number of observed data) the
mean of the observed values aritlthe mean of the simulated values.

One of most used parameter to express a measure of theeddence between two quantities the
Peason ProducMoment Correlation Coefficieht OF f f R S& NRE Ry & AW / 2 NNBSO# KIS R v
I 2 NNB I GA 2.0t is baa&l Brithe@retBod of @ covariance and with no doubt is one of the best
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methodsto measure theassociation beveen variables. Th€orrelation Coefficient gives information on
the magnitude of the correlation or association and the direction of the relationship and it gives a measure
of the strength of the linear reteonship between two variables.

The coefficient of determination’Y is defined as the squared value of the coefficient of correlation
according to BravaiBearson. It is calculated psjuation 4J:

. B r .
Y = 55 r [equation 7]

'Y can also be expressed as the squared ratio between the covariancéMS)) and the multiplied
standard deviations of the obeeed , ) and predicted values, ). It estimates the combined dispersion
against the single dispersion of the observed and predicted sgripgmtions b and ]:

Y _— [equation 5]

. -B 0 0 . -B Y ¥ [equation ]

The @variancesuffersof the same limits of the variancé& hasnot the unit of measures of the input data
andthe same order omagnitude of the values Mi and $i. R formulation, the division by, Q, allows

to have a dimensionless parameter @age absolute value no longer depends on the order of magnitude of
the values MandSi. Rranges between 0 and 1. A value of 1 means that the dispersion of the prediistion
equal to the one of the observatie while a value of 0 means no correlation at all. One of the major
drawbacksof the R value, if considered alone, is that it takes into consideration just the dispersion. It is
always suggested to use this parameter together with other statigtiaeameters.

An alternative formulation of Rthat could be used when different weights are given inside a specific
dataset of measures is the followingequation 77 (Simunek and Hopmans, 2002)

\ B B zB 7B
l B B
B B

[equation 77]

The two formulations of th&oefficient of Determination (R and F) are equivalent if the weightsare all
equal to 1Jequation B, 79, 8(.

B0 € [equation 8]
BB RN [equation 79]
BB R [equation 80]
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- IA (Index of Agreemen)

B
B s SN ]

‘00 p [equation81]

Where 0 is the observed valu€y is the simulated valuehQte number of observed data and the

mean of the observed valueshe hdex ofAgreement proposedby Willmott (1981)s able to overcome the
insensitivity oNSEand Rto the differences between observed and predicted varesand mean (Legate

and McCabe, 1999)t represents the ratio between mean square error and potential error and it varies
between 0 and 1. A value of 1 indicates a perfect match while a value of 0 no agreement at all. IA is able to
detect the additive ad proportional differences in the simulated and observed means and variances. The
main limit of this parameter is the oversensitivity to extreme values due to the squared differences. For this
reason IA, as seen for NSE, is very sensitive to peak flovwssamditive to low flow conditions.

- Modified forms of NSE and IA

0 YO p 2:—2 0 [equation82]
‘00 Be ¢ 0 [equation83]
P

B s S s S

Where 0 is the observedialue,”Y is the simulated valuefhQtfe number of observed data ana the

mean of the observed value3.o overcome the oversensitivity to extreme values of NSE and IA, these
general forms of the two equations could be usé&dhydrologic moddihg, it has been found thaof j=1

the overestimation of the flood peaks is significantly reduced resulting in a better evalwegpmatially of

the lower values whil@n increase of results in arincreaseof the sensitivity to high flows, fahis reaon

it is recommendedo use a value of j>1 only when high flows are of intef&sause et al, 2005Yhe use of

j>1 to study lowalues must be avoideds seen for NSE and IA, both parameters are in the rafigélOs

the best fit). Due to the fact thaabsolute values are preferable to squared terms to avoid that errors of
outliers are over weighted when squared, the choice to adopt j=1 is comnaaabpted (Legates and Mc
Cobe, 1999).

- Relative efficiency criterigNSE, and 1A¢)

0YO p —— [equation84]

‘00 p [equation85]

All criteria described above are able to quantify the differes between observed and predicted values in
absolute value. The result gives an over or under prediction of the higher values while lower values have a
low influence on the parameter value. For this reason the parameters,NBE 1A based on relatig
deviation and derived from NSE and IA are proposed. As seen for NSE and IA, both parameters are in the
range 01 (1 is the best fit).
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- KGEKIing-GuptaHficiency)

Gupta et al (2009) proposed a diagnostically interesting decomposition of the-Sidslife efficiency
parameter which couldfacilitate the analysis of the relative importance of its different components
(correlation, bias and variability) in the context of hydrological modelli€iong et al(2012),proposed a
revised version of this indetqg ensure that the bias and variability ratios are not crosgrelated.

0 "00 p Y p — p - p [equation &]

. -B 0 0 " -B Y ¥ [equation &]

- Mass Balance Error

Mass Balance Error is usually displayed in the postprocessor. It gives an indication of the accuracy with
which the finite difference matrix equti@ns are being solved. Despite this, it is not advisable to use this
efficiency indicator alone because in some cases a small mass balance error may not atuiglatéegree

of model accuracy while, on the contrary, a large mass balance error isylisgitative of a low accuracy.

If the mass balance error is equal to 0% it means that the mass is being perfectly conserved. Generally a
mass balance error less than about 1% is an indication of good accuracy. If an error greater than 1% is
obtained, itmay indicate that the matrix solver is not solving the matrix equation with a good accuracy. To
reduce mass balance error, the grid spacing and the time step have to be changed. There is just one case
when a large mass balance error is not a sign of irracgu It is the case in which there is a sudden change

of pressure head in a boundary condition. This leads to an instantaneous change in the water stored in the
mesh grid close to the boundary that was ndthere in the step before so the model sees it as
discrepancy in the total mass balance. This situation happens in every first time step of a simulation
because there is discrepancy between initial conditions and the first time step.

-Model Tolerance

The HYDRUS program numerically solves the Richgqudgien for saturatedunsaturated water flow. Due

to the high nonlinearity of Richard@equation, an iteration process is adopted to solve the global matrix
equation for each time step. Using the Gaussian elimination solving method or the conjugatengradie
method the system of algebraic equations derived from the global matrix is solved. Then the global matrix
is inverted and its new coefficients are recalculated using the first solution then the process is started again
for the next time step. The iterain stops when in every point of the saturated and unsaturated domain
changes in the two main variables (water content and pressure head) are less than the value imposed as
water content/pressure head tolerance. It is important to set a tolerance thakjgasentative of the
investigated variables and of the precision of the instrumentation. For example a reasonable tolerance for
the water content is between 0,01 and 0,05 while for pressure head between 0,05 m to 0,1m. When setting
the tolerance of a physal property it is extremely important to take into account the precision of the
measuring devices in use. In our case GS3 and SM150T with a specific calibration have a precision of +/
0,01-0,02 and with a general calibration a precision of 600®4. Téas an accuracy of -8,5 kPa (0,05 m)

in the working range betweer85/+100 kPa and MPS6 has an accuracp ¢+12 kPa (0,81,22m) in the
range-9 to -100 kPaThe choice of tolerance below 0,0%) for water content and 0,05 m for pressure

head in our case has no significance.
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2 7_2 3MODEL SELECTION CRITERIA

Probabilistic statistical parameters could be used to quantify both the model performance on the training
dataset and the model complexity. #\a final goal they are able to guide the mebdelection ranking the
analysedmodels (from the best to the worst). A large number of criteria have been introduced with this
purpose, each of them lead to different theoretical properties and is suitable for a different type of
database. Akaike and Besin Information Criterion are penalizéiielihood criteria extensively usetd
perform model comparisonsAlC works well with large dataset while B&®ors simpler model due to a
tighter penalization for the number of parameters (with respectdifC). In general, it is suggested to use
both the criteria in model selection.

- AIC Akaike Information Criterion

To compare different models, the Akaike information criterion (AKKaike, 197% could be used to
compare the quality of tB UG Y2y 3 GKS &S kiggOnioSaRcouwt2ttie Sifiniber 6fK A £ S
parameters. For Gaussian process, AIC can be estimated from the residual sum of squares from the fitted
model[equation &]:

1y “7 ol fcon 1T 124— p i [equation &]
Whereat &i€the number of recorded measuremerztnd ¢ sadsdthe number of estimated parameters. AIC
could be seen as the sum of a constant and the relative mistdbetween the unknown true likelihood
function of the data and the fitted likelihood function of the model. A good model is the one that has
minimum! ) a&mong all the other models because a lower valu&df means that the model is closer to
0KS WOidNHzideCRuMNGark ¢ind Anderson (2004) the expressibrAIC could be used only if the
number of data points n divided by the number of parameters (m) is greater than 40. Models having AIC <2
have substantial support (evidence), between 4 and 7 rawesiderably less support, above 10 have no
support at all.

It is passible to define a value @&&lGnin among all the indirect simulations performed with that same
hydraulic model. A ranking between these simulations could be performedyeeaitulating te ratio
AIC/AI@in. More this ratio is close to one, more the simulation is well evaluated.

-BIC(Bayesian Information Criterion
") 2 1) #¢d i dn [equation 8]

Where ab sgisathe number of recorded measuremardnd af sadsethe number of estimated parameters.
Bayesian inforration criterion [ ))#s another criteria for model selection that measures the tradie
between model fit and complexity of the model. A lower BIC value indicates a better fit because the model
is considered to be more likely the trueodel (Stone, 1979BICand AIC could assume also negative value

in this case the best fit is the smallest negative value.

It is passible to define a value d@lGnin among all the indirect simulations performed with that same
hydraulic model. A ranking between these simigdas could be performed easily calculating the ratio
BIC/BIC minMore this ratio is close to one, more the simulation is well evaluated.
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-HQIQHannarrQuinn Information Criterior)

B 1) #cd Ad a1 [equation90]
Where Ais a constangreateror equal to 2 (Carrera & NeumA986).

Thiscriterion (Hannan, 1980jneasureshe goodness of the fit of a statistical model. It is not based on a
log-likelihood function but is related to the AIC Criterion. As seen for AIC and &88umes a penalty term

for the number of parameters. A lower HQIC implies fewer explanatory variables of the model, a better fit
or both.

It is posible to define a valuef HQI®nin among all the indirect simulations performed with that same
hydraulic model. A ranking between these simulations could be performed easily calculating the ratio
HQIC/HCQHain. More this ratio is close to one, more the simulation is well evaldat

2 7 2 4ASTATISTICAL SIGNIFICANCE CRITERIA

Usually researchers are more interested in the difference between means than in the specific values of the
YSIyad LF ¢S FadadzyS (KIF G K S$hbeyivden ineaksielzitadbécugthey | 2 A
' NB LJzNBt & RdiS3 yuA2T AN HYWRRSY (i8St a oh € S@GSt 0 | NS dza$s
the probability of making the wrong decision when the null hypothesis is ¥he.confidence level (CL) is
calculated asp | p miX a 20,08, The torresponding confidence level is 95¥%e CL 90%, 95%,

99% are the most commonly used. If a CL equal to 95% is adopted it means that we have the 95%
probability that we choose the right hypothesis with a risk of error equal to-@8)0100=5%.

-{ G dzR Stgsi Q& @

Student'st-test is among the most commonly used statistisadnificance testslt is able to compare the
mean of two unrelated groupof samples. The-test is able to evaluate if the meamf two groups are
statistically differentfrom each other First of all we have to formulatevo kindsof hypotheses: the null
hypothesis assumes that no differences exist between the two mehe alternative hypothesis assumes
that the two means are statistically different. The final gofathis statistical test is to determine if the null
hypothesishas to be rejected or not

The two means and the corresponding standard deviations are calculated by using the following equations
[equation 91, 92, 93, 94, 95hy and n, are the number of meaurements in datset Xand dataset Y,
respectively

o —3B ¢ [equation91]
o —3B U [equation92]
B .

" _— [equation93]
B .

" —_— [equation94]
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" - - [equation P]

)
e
15

[equation %]

A~ T ¢ [equation 9]

tex Value is compared with theritical (theoretical)ty, value corresponding to the givetegree of freedom

df and te chosenconfidence levelp | pnikerd ¢KS ljdz-ydAade b A& GKS YI
falsely rejectingthe nuK @ LI2 i KSa A a® ¢ KS | th&drdater hBldtranits of e tésBiables2 ¥
of critical tvaluesty, can be found in any book of sistical analysis, as well as in many quatnit& analysis
textbooks. Ifte>tin then Hyis rejected else §is retained. Howevethere is no needo usestatistical tables
containing critical values: it is sufficient to compute a numerical vpluEhep-valueis the probability of

the error made by rejecting a null hypothesis when it is actually.true

For example, supposing that we have decided to work at Confidence level 95%aftt
A value of p = 0.085 means tHdtmust be accepted H0 W& 6|Q

A value op = 0.021 means thatly must be rejected QUL G a 6|Q

A pvalue of 5% or lower is often considered to be statistically significant.

Accordingly, if wadecideto work at CL 90%, in both cases (P = 0.085, P = 0.9&lj)efected, whereas if
we decideto workat CL 99%, in both casegislaccepted.

Graphically thep-valueis the area undereaththe curve (observed data on the x axigrobability density
on they axis) past the observed data point considenedvalue range between 0 and 1. If we are testing
the possibility in just one direction, disregarding the possibility in the other direction, gailee test is
chosen. On the contrary if both the posdities are investigated, the twiailed test has to be chosen. In
the onetailed test, with a significance level of 0,05; all the significance is allotted isirtigéetail. Forthe
two-tailed test 0,025 in each tail.

- z-test

A ztest is a statistal test todeterminewhether two means are statistically differeit & &SSy T2 NJ &
t-tests. It is used when the variargef two populations are known and the sample size is large. While the
t-0S&40G Aa ol aSiitribatign, thelewaRiShase@an thé normalne. Both the distributions are
symmetrical and with a belhape butthe4tRA A G NAR 0 dziA 2y Aa YRNHR VYAYZHNRE KIDO
tails. As seen for thetest, two hypothesis are formulated (null and alternat hypothesis). If the statistic

test is lower than the critical value, the null hypothesis is accepted or else it is rejected.

50



2 7 2 50THER STATISTICAL INDICES

Uncertainty in measured data, boundarynehitions and initial conditioneave an adverse effect on the/o
statistical measures of 95% Confidence Limits and parametgrslation (Simunek et al, 2012). Bdtie
statistical indices increase with uncertainties. Due to the high non linearity of the flow equation it is almost
impossible to understand how the r@r will propagate in the modéng output or in the values of the
optimized parameters. Both the statistical indices are obtained investigating the objective function in
vicinity of its minimum, where the optimized parameter has been defined. Both expresswell a
parameter has been optimized or if it is possible to be optimized.

- Confidence Interval

Theconfidenceinterval is a type of estimate computed from the statistics of the observed data. It proposes

a range of plausible values for amknown parametr (for example, the mean). Thiaterval has an
associatecconfidence levethat the true parameter is in the proposed range. Confidence Imfers to the
percentage of probability, or certainty, that the confidence interval would conttaéntrue parameter. The
confidence levelof 93 A & dzadzZl f f & aSt SOGSR 0SOMWikwasSs5%icdnfidenge O2 vy &
interval the probability of observing a value outside of this area is less than 0.05

The concept of the confidence intervia very important in statistics since it is used as a measure of
uncertainty. Most frequently, we use confidence intervalsbiod the mean A confidence interval is a
range around a measuremethat conveys how precise the measurement is. The confidence interval tells
you more than just the possible range around the estimageauseit also gives information about how
stable the estimate is. Wider confidence intervals in relation to the eg#nielf indicate instability.
Confidence intervals may also be used to determine whether two saanpbars are statisticallydifferent.
Theconfidence interval is calculated based on the standard error of a measurement.

If we consider a §ZR S y-disRibutiaih the formula for the confidence interval can be expressed as:

o —B @ [equation ]

» _— [equation D]

The tdistribution is described bR ‘degrees of freedom:

Al o [equation100]

® OO0 o o o= [equazionel0]]
w w

= "YOX i o@¢ @i & W 'QQE o [equazione 1Q]

O O TghAHE [equazione 10]

Where0 0" k HZRFTUO Aa (KS dzLJLIS B disthdutiord vith df degreet oz8eeddi to (i K S
the desired significance lev[l(such that the probability of observing a value greater than t* is equal)to
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Theconfidence interval is obtained idydrus software by Perogressn the output of the indirect problem
from the Sandard Eror Coefficient (SEC) as follows:

Lower limit= parameter value Z, os*SEC [equation104]
Upper limit= parameter value 4 &*SEC [equation 105

Where WQ LJ- NI YS (i SNJ @I fitrdzSlirfized garanieterSzs ® thé afpSoxithatd value of 95
percentile point othe t-distribution.

If we consider a normal distribution the formula for the confidence interval can be expressed as:

® & o= o & o= [equation 106]

Where@ 6 h k HZRT O A a valkeSf tizindirdsaNdistOondorii witlddf degrees of freedom to the
desired significance lev[l

-Mutual correlation between parameters

In statistic the covariance provides a measure of the strength of the correlation between two or more
variables. The gn of the covariance shows which type of Bneelation links two variables. If a greater
value of one variable corresponds to a greater value of the other, the covariance is pagftileif the
variables show the opposite behavigthie covariance isegative.

Covariance evaluates how much tbensideredvariables change together. In other wordsyvarianceis a
measure of the variance between two variablegishout assesimgthe dependency betweethem.

If we consider two random variables:

O whofB dw ® whoBdw [equation 107]
@ -B @ (meanvalue) [equation 108]
@ -3B o (meanvalue) [equation 109]
O6H M -B ® ®IOw & (covariance) [equation11(Q]

The variance is defined as the expectation of a variable from its mean.
, -B o & 60 dhd (variance) [equation 111]
Variance and covariance are often displayegktier in a varianceovariancematrix.

The diagonal elements of the miat contain the variances of the variables and thedfgonal elements
contain the covariances between all possible pairs of variables.

The varianceeovariance matrix is symmetric because the covariance between X and Y is equal to the
covariance betweerY and X. This is the reason why the covariance for each pair of variables is displayed
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twice in the matrix: the covariance between tH2and [" variables is displayed at positions (i, j) and (j, i) of
the matrix.

Many statistical applications as the oimeplemented in Hydrus calculate the variarmavariance matrix for

the estimators of parameters and often to compute the standard errors of estimators (see Standard Error
Coefficient paragraph in this chapt&2_ 7 2 1 for more information). Hydrus softveardefines the
covariance matrix C as follows:

AA T MAa Ova [va | ¢ [equation112]
[ N 5 parameter vector,@measurement vectqr

of /AN (residuals) [equation113]
O &A@ E phH [equation114]
The LM algorithm minimizes the objective function

B P B i P [equation 115]

Starting withan initial guess P for the minimum, the method proceeds by iterations:

pl pll yp [equation 116
LI_>-4| VI P LI_».4| Eo'S [equation 117]

. g .
LL». :: [equation 118]
yp LI_>-J||VQLL>- v :)LI;-%L:} [equation 119]

where LL,j'alenotes the matrix transpose.
The matrix LL,j',OLL,_  n the left hand side is the approximate Hessian.

The residual standard deviation is defined as:

" — [equation 120]
QQQQQUEXD QQQ&a €;

Under the stated assumptions,dtparameter covariance matrix C is:

& i LL,j',OLL,_ v [equation 121]
To calculate the proper standardrer for a given parametethe following formula is applied:

" 6  ,iq? EQQ [equation 122]

where( is the jth diagonal element of the inverse of the Hessian matrix.
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The Correlation Matrix R is defined using the elements of the covariance matrix. The elements in the
Correlation Matrx could be computed as follows:

Y 67T 6 0 [equation 123]

The correlation matrix displays the correlation coefficients between the independent variables ofed. mod
The correlation coefficients quantify the changes in the prediction due to the change of the input
parameter i andhey compare it to the change due to another parameter j. A value df means a perfect
correlation while a value of 0 means that thed parameters are perfectly uncorrelated. If there is an
evident correlation between optimized parameters, it is strongly advised to optimize them singindrlis

way one is fixed and the other is free to change. If an optimization process of thetvetated variables is
necessary, it is advisable to add new data for the inverse process. In someleasissof high correlation

in the inverse analysis have led to problems of convergence andimigoueness of the solution.

- Simulation time

In a direct problem the time necessary to model the whole simulation pergath be an efficient parameter
which helps to choose rationally the geometrical dimension of the mesh and of the model itself
(Length*Width*Height), the constitutive mechanical anddhgulic models that could be adopted (in
relation also to the objectives of the simulation) and the accepted tolerance in the calculus. In the inverse
problem, thecomputationaltime is related to the number of iterations performed by the software which
corresponds to the number of times the direct problem has been recalculated with a new set of initial
parameters.A higher omputational time means more iterations and higher probability to have an
estimated value of the optimized parameter signifidgntdifferent from the initial one. A lower
computationaltime means that the parameter slightly deviatisom the initial value thais very close to
WQIKS 060Sa0QQ @ItdzS G2 0S OK?2 dhEghosenihpiittdatdl I théindac & 2 F
problem, time convergence is not a relevant parameter to be considered in the calibration procedure.

In the followingTablel a summary of some of the introduced metrics and their best value is presented:

Tablel: Summary of some metrics/indicebat will be used in the following chapters, with indication of the mathematical
formula and of the best fit value.

Metric Mathematical formula Description Best value
EARA 580 go R Mean Absolute Error 0
MBE o
0w~ P o “ Mean Bias Error 0
or ME 0D0oO O U Y

Mean Square Error
MSE b YO go T 0

Root Mean Square Error

RMSE

CRM .. BO BY Coefficient of Residual Mass 0
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SEC SEC:M—— Standard error coefficient
NG/ #6 —zp T Normalized Coefficient of variation
n v Bo 0 vy t SFNE2y Q& O2NNBE
BO 0 O2BY Y
v B O 0 " Y
n BOU 0 OB Y Coefficient of determination
) . BuoO Y BOUD zBO Y¥BO oefficient of determinatiorconsidering
r l = s
00 BU—U 0 Y BU—Y the internal weights
Bo B0
B O 'Y iffe effici
NSE 5°Y0 p s NashSutcliffe efficiency
5 YO B 0 Y
o - s v
NSE log P B § o log NashSutcliffe efficiency
0 atln @
Y aER B
‘00 BO ¥ Ind f Al t
ndex of Agreemen
P BE 0s © os ’
1A
e B vs .,
“Er']’."A vYo P Bg 0s @0 Modified efficiency
oo ‘00 p B"g') Ys — 0 ModifiedIndex of Agreement
€A B sy 0s & 05
g U Y
o 0"YO »p v
"EN A g 0D Relative efficiency
0
g U Y
06 p 1]
g :‘A"H'l' B sY O 5“ D 0Os Relative index of agreement
0
‘00 8 BY A
[A=1 P BSY 0s © 0s Modified index of agreementith j=1
Ok p8 o ®
L! Q e ¢zB® Os Modified index of agreement
€& A L00p Yop — P 5 P KlingGuptaefficiency
oA . .B 3 -
AlC [(!') “1 D1 Igdv 11 T p Akaike Information Criterion
BIC ") % 1) #¢Q ian Bayesian Information Criterion
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HQIC (1) #!) #(d Ad a1 1 HannanrQuinn Information Criterion

The model tolerape, the tstudent test, the zest, pvalue, mass balance error, confidence intervals and
correlation coefficients are not reported in the previous table because they could not be described by a
single formula as the reported metrics.

3 THE CASE STUDY

Secbia River is the main right hand tributary of Po River afemarg whose catchment area cove?292

km” and its length reaches 172 krthe 57% of its course is in mountain environment and it represents 3%

of the entire Po basinAs all Appennine viarcourses, Secchia River alternates summer lean with spring
and autumn flash flooddn fact, due to the proximity with the mountains, the basin catchment has a rapid
response to precipitationsThe particularly violent autumn floods are partly controlliedthe upstream
stretch of the river (in Campogalliano, near Modena) by a complex system of reservoir dams involving a
surface of about 1,000 hectares, with a water capacity of about 15 million cubic mktehss regime just

a small amount of water cdd infiltrate in riverbanks, and for this reason the stability could be guaranteed

by the unsaturated condition A changeof this regimecould cause stability problensncea persistent

high water level could result in a deep saturation frégedingto a possible failure.

Secchia River embankments have a natural origin, but starting from XIX century anthropic actions changed
the course of the river and its geometric sections in some pakts. overall look to River Secchia
embankments show eartHy structures ofconsiderable height (more than 7 m) with a cres8 4n wide,
hillslopes with angles above 30° and a width of the base of less than 10 m.

The research activities that are going to be presented in the following chapterzaarefthe INFRAAFE
project funded in the POR FESR 20020 scheme. The main goal of the project is the design and
realisation of an integrated system to characterise and to continuously monitor river embankment stability
under transient seepage conditions. A full sag@technical monitoring system has been implemented in a
section of the Secchia River. The in situ installation of instruments and the majority of the tests performed
to characterise physically, mechanically and hydraulically the soil samples have bdemrmpd by a
research group, in particular by doctor Gragnano (DICAM, Bologna University) and doctor Rocchi
(Department of Civil Engineering, Denmark University). A number of publications on the topic could be
found in literature, suclas Rocchet al(2018a), Rocchi et al018h, Gragnano et aR018, Gragnano et al
(2019.

No information are availablen the study section about starting geometry, original course of the river and
shape changes itime (Rocchi et al, 2018aJhe chosen embankment sém is 10 km downstream the
location where during the flood event of January 19th, 2014 a disastrous collapse of a portion of the right
bank of Secchia RiverO O dzZNNB R ¢ 52014)i38 dhiloa of Qibic nefersf water come out of the
breakthroughcausing one casualty and huge economic damages. An accurate inspection-bgshigtion

aerial photographs post flooding showed a number of animal burrows that most likely triggered the event
(Vacondio et al, 2015) he location of the monitored sectiomas chosen in the same portion of the river

56



where in 2014 remediation works were carried out by AlfEaleffi and Cerutti, 2014)Moreover
piezometers and some sensors to monitor water content were installed during these interventions. The

new sensors wer@nstalled in an area upstream to avoid any influence of the past interventiond~{geee
2).

PO RIVER

L) " A San Siro©

/\‘,“

Left River side
Right River side

Concordia
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Instrumented
* sections K
J (INFRASAFE)

©
| Cortile
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Figure2: schematic representatiorof Secchia watercourse with indication of the locatiori the embankment collapse in 2014
and the new monitored section close to Cavezzo, Modena.

The monitored embankment is 11 m high from the ground level, the inner slope is 32° and the outer slope
is 28°. The crest of the embankment is 4,6 m wide with a wiotel usedfor the maintenance and
emergency vehicles. The berm is 5,5 m wide and positioned 5,2 m below the crest of the embankment.
the vicinity of the bermsuperficial landslides of little relevance occurred in the past, some of them were
fixed bythe AIPO remediation works previously mentiondthe crest is 38 m from theentre of the river.A
topographic survey has been used to trace the embankment seclibn. inner and outer slopes are
covered by low herbaceous vegetation, kept mowed during thmwler year (mowed twice a year).The
geometry of the investigated section is presentedrigure3 below.
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Figure3: Schematic gometry of the investigated section of the instrumented embankment

Thestratigraphy of the embankmertias been investigated with a series of 4 CPTU tests, two in the berm
and two in the crest reaching 15 m and 25 m respectivglfcorrectedcone resistance) and (pore water
presaire) data were interpretedising Robertson (2009¢hartsin terms of SBT(soil behaviour type)The
elaborated stratigraphy shows an embankment constituted of fine grained material, a mix of silt and clay in
different proportions, becoming more fine moving from the river to the embaent. The 4CPTUests

show also amodest changen the depth between different layers in different verticals. Unit A is an
inhomogeneoud: f G SNY I A2y 2F &aAaAftd FyR &al yReé& &A tepdsitedzy A
during floods unit B is made of a finer maiat compared tothe above layer (unit A); unit C is a slightly
coarser layer and it corresponds to the shallow aquiected by thechanginghydrometric level of the

river and rainfall contribution, with greater permeability compared to other layarit D, below unit C, is
almostan uniform clayey layerFrom the two continuous corings performed in the berm, the use of sail
mixed with lime wadound at certain depths, resulprobably of the previously mentioned remediation
works, this hypothesis has be confirmed also by laboratory tesfearbonate content measuremesjton

the extracted coresThe 4 CPTU tests were performed during sumi@ene)and the embankment was
highly in unsaturated conditions at the time, with a water table at the depth offéom the crest. For this
reason@ (the normalised cone resistance),(formalised friction) and Jpore pressure parameteryere
calculatedusing the stress state under the hypothesis tha suction profie was linear and equal to the

one experiencedh the same embankment the year later the sensors installation.
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Figure4 The geometry of the investigated section with indicatienf the different layersas obtained by the interpretation of the
CPTU testaccordingto Robertson 2009.

Characterizatiortests have been performelly doctor Gragnano and doctor Rocdni the soil retrieved
from the holes in which instrumentations were installeshd on undisturbed sample® grain size
distributions, 7 specific gravity tests, 7 Atteelng limits were performed at different défps inside Unit A
(embankment).4 grainsize distribution, 4pecific gravity tests, 4 Atterberg limit4 organic contentgor

YAG ' Q o0Ff dz@A |-dize dsGihugfch, R (specifit gravity testsa dédbergy/limits 2 organic
contentsfor Unit B (foundation)In 5undisturbed sampleghe natural water content, the void ratio and
the natural weight of the soil were obtainefiGragnano et al, 2018; Rocchi et al, 28)18n Table2, a
summary of theresults obtained from thecharacterizationtests performed for the differensoil units is
presented

Table2: A summary of the results of the characterisation tests performed on the investigdtgers.

we (%) We (%) clay (%) silt (%) sand (%) gravel (%) w nat (%) Gs () Cozrt%irt"(c%) CaCo;
embankment | 32,9 19,3 13,7 48,0 38,3 0 18,4 2,646
fluvial 442 19,7 202 576 145 7.8 2,598 1,72 572
foundation | 40,7 204 165 589 232 1,3 2,606 1,53 5,36

3 1 THE INSTALLED INSTRUMENTAIION

All the installed sensors arecommercially sold by notorious company and price, accuraage of
installation and ease of calibration were the main characterigticguidethe choice.These sensors have
beendeveloped in the agricultural figlin order to monitor, controhnd increase the level of efficiency in
agricultural productivity on large areas (irrigation schedule, water availability for ptadtsThe adopted
sensors were applied with due care togineering purposesovercoming issues related to installation,
maintenance and lorjme data acquisition.

Between 2016 and 2017 the study section was instrumented with 7 GS3 by Meter Group (5 in the crest and
2 in the berm) and 4 SM15D by Deltal Device3 in the crest and 1 in the berm) for volumetric water
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content measurements? Casagrande Piezomete8sMPS6 tensiometers by Decagon Device (6 in the crest
and 3 in the berm) and 3 T8 tensiometers by UMS (2 in the crest and 1 in the berm) for porpreasere
measurements (in the positive and negative rang®). sensors in total have been installed in the
embankment bodyT8 installation depth ranges froBt7,9 m in the cresand 4,9n in the berm (just one
sensor); GSBstallation depth ranges from,4-7,1 m in the crest and 0:Z,2 m in the berm; SM150T has a
range of 1,27,1 m in the crest (no sensor in the berm) and MPS6 has a faetgeen3,1-7,0m in the
crest and 0,2,7 m in the berm.The sensors have been installed in three times. In 20168 theagrande
piezometers in the crest at a depth of 10 m and 17 m wastalledby Hypo. Later in 2016, TC2, MPC2,
MPC3, SPC3, SPB1 boreholes and tiseceded sensors installation were performed, in 2017 the
remaining borehole. A schematic drawing of ghinstrumented section is presentedkiigure5 below.
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Figure5 Schematic drawing of the instrumented sectiamith indications of the boreholes and the installed sensors.

T8 measures directly matric watpotential against atmospheric pressure in the working range between
85/+100 kPa, with a nominal measurement accuracy éd.5kPa (UMS, 2011 T.heatmospheric pressure
is taken at the ground level and conductdtrdaugh a diaphrgm positioned on the calel to the pressure
sensor. If the water potential goes bele®5 kPathe ceramic cup gets dry antcould be refilled trough
two capillary tubes without being removed from the soil when the soil is sufficiently moist again.
tensiometer does not requira site specific calibration.

MPS6 measures the dielectric permittivity of a porous ceramic disc in equilibrium with the surrounding soil
volume (Decagon Device, 2046 The soil dielectric permittivityis a parameterdirectly correlated to soil
water cortent and indirectly to soil water potential by means of the proper SWER€ry ceramic stone has

the same pore size distributipnvith pores ranging in a wide interval, in this way the ceramic stone drains
in a wide water potential rangelhe calibration airve of the porous ceramic disfmoisture characteristic
curve of the ceramic) isrovided by the manufactureMPS6 has a 6 points calibration curve: one point at 0

60



kPa (saturated state), one poimtt -100 MPa (akdry state) and 4 points betweet® and-100 kPa. The
accuracy in the rangé to -100 kPa is +/10% of the reading+2 kPRue to the fact that MP$ sensors
were developed for agricultural purposes and the water content and suction ramgler investigatioris
quite different from the oneof interest in river embankmentaf | 6 2 NI 6 2NE OF ft AO NI GA 2y
response was performedlo do so MPS6 readingand tensometer readings wereacquired using the
following procedure. fie in situ soil is prepared at a target void ratio with the twos@sinstalledat the
same depth then a gradient is established inside the soihpée from the bottom to the top, then the
surface exposed to atmosphere is covered ariten equilibrium is reached the two lectures are acquired
(raw signal from MPS6 anddion from the tensiometer). The procedure is repeated 9 tirdegng every
time a little more the soil samplep to a suction of 60 kPa. To obtain the calibration curve for suction
values above 1 MPa, tensiomesereading are substituted witDewpoint Poéntiameter (WP4) readings.
Comparinghe obtained calibration curve with the one provided by the manufacturer is it possible to notice
a reduction of the difference between the two calibration curves moving from low to high suction values.

GS3 (Decagon Diee, 2016b) and SM150 T (DekaDevice, 2016) employ an oscillator to generate an
alternating electrical current between two electrodes and measurithg resistance given by the
surrounding soil. The sensor determinethe volumetric water content wc) measuring the dielectric
constant¢ 0 2F GKS YSRAdzY | LILX & Ay 3This Kb&sedronielfadedhgtSidl R2 Y I
resistance is extremely sensitive to water conteatiations (Bittelli, 2011)A magnetic field of 70 MHz is
created aroundthe 8 mm long metal rod®f the GS3sensa while a magnetidield of 100 MHz for the
SM150T sensoffhe twoelectromagnetidrequenciesare chosen in order to minimize textural and salinity
effects. The working range of both instrumentations i©9,0 m*’m?, with an accuracy of +0,03 ni/m?

for a generic calibration (accuracy can rise up t00#01-0,02 ni/m? for a site specific calibrationensof &
producer supplies a generic calibration equation that could work in all types of soils but a specific
calbration is suggested to increase the accuracy of the data. For this redmonalibration equatiorfor

the soil of interestwasobtained in laboratory. The in situ soil was prepared at a given void ratio and water
content (of interest for the future irtallation in the embankment), and a GS3 sensor was installedTihét.

soil sample is wet from the top with a certain amount of water, then after an equilibration period, the
water content § recorded.The procedure has been repeated multiple timBsie © the higher monetary

cost of SM150T (with respect to GS®)lythree sensorhave been installed.

Sensors were installed in boreholes created ad hoc, in a giught installation or in a multiplgoint
installation. Multiple point installations have ¢hadvantages to reduce excavation costs and the number of
holes (to not undermine embankment stability with preferential routes to water infiltration). Moreover the
combined presence of a sensor for the water content measurement very close to a senseatéor

potential measurement allowo obtain a SWRC in situAs pointed out byBordoni et al 2017, the
determination of SWRC in laboratory shows intrinsic limitations such as avsilalbifiew experimental

points, shorter investigatedrange of water cotent and suction, environmental conditions often not
representative of the natural in situ conditions, disturbance in the sampled si@khlerefore also relevant

to remember that one of the big problemelated to the use of multiplgoint installationis the possible

f Sl 2F 461 0SSN Ff2y3 &Sy a2 Ndher (Rotcli ét 8,208 NRY 2y S Ayal

In the investigated embankment, a singleint installation has been used only 8M150T and TBecause
these sesors were installed deeper (coraped to GS3 and MPS6) at the base of the borehole in the
undisturbed soil because disturbance could cawsgnificant error in the readings.To ensure no

61



disturbance, a borehole of 5 cm of diameter was creaed the last 20 cm were excavated using a hand
auger with a smallediameter (Rocchi et al, 2018b; Rocchakt2018a).

12 boreholes were realizeith total and every hole has been named according to these abbreviati®iRs:
aldl yRa F2N WYQaiaAy IaSions2@d Qo2 RDY HHRNY RYNdZQOA ER 8 L2 A

Due to the fragility of MPS& Sy & 2 N & LJ2 NP dzanstallatiéhyvSsgpéerforind@@atingaround (i dz
GKS LINBO6S | wQazaiaft OF1SQQ dzaAy3d GKS az2iat FNBY (GKSE
guarantes a good contact between GS3 s and the undisturbed soil around the holep@totype of
instrument (Qbit) has been used to push the sensors in the soil converting vertical force to a horizontal

force. More cktailson the two procedures could befound in Rocchi et g20183).

3_2LABORATORMEASUREBWR®@F THE INVESTIGATED SOILS

In time many experimental methodologies have been developed in order to define SWRC parameters.

Direct approaches are based on the simultaneous measurement of water contehpressure head
information that are subsequentlyfitted using a particular function. Examples of direct approaches are
sand box, hanging column, pressure plates, pressure, @léporation testsamongothers (Bittelli and
Flury, 2009). Bta are fitted sing specific analytical functions as the ones propose8ropks and Corey
(1964),van Genghten (1980), Fredlund andngj (1994) Kosugi (199&jnong others. In some casdigear,

cubic or other interpolation techniques are used to analyse laboratorg destead of analytical functions
(Bitterlich et al, 2004). A big effort has been manl¢he last yearso elaborate advancetdydraulic models

that need the estimation of aevergrowing number of parameters. To a growing complexity of the models
correspands a growing complexity of the laboratory tests for the initial estimate of the hydraulic
parameters.Indirect approachesare based on Pedotransfer functions (Pt use regression analysis or
neural network approach to correlate input parameters totaib in output the unknown hydraulic
parametersusing data from soitlatabase(Caruso and Jommi, 2009}his method is adopted when large
areas need to be investigated and a comprehensive direct laboratory characterisation is not possible.
Usually the inptiparametersare easily, routinely and cheaply measured properties such as grain size
distribution, natural water content, Gs, organic content edMany database around the word were
established for pedotransfer applications such as UNSODA, HYPRESIREZISEmong other.

One of the simplelaboratory tests that could be performed is the evaporation method, introduced by
Gardner and Miklich (1962) artien modified by Wind (1968)A popularversion of the evaporation
method is performed using HYPROP byévi&roup. The system allows the measurement of pressure head
at two depths in a 5 cm high soil sample while water evaporates from its surface and water loss is
determined by weighing the systen$everal studies have tested the evaporation approach usiig th
commercialproduct (e.g. Schelle et al., 2010; Zhuang et al., 20hdng other¥The minitensiometers

allow to cover a relatively wide range of pressure heads (dowi246 kPa) The soil sample has a volume

of 250 cniand the tensiometers are positied at 1,25cm and 3,75 cm from the base of the cylinder
containing the sampleOne of the major advantagef Hypropis the complete automatizatioronce the
program is installeédind no preselected hydraulic functids setto elaborate the ronwdata (Bezeta Coelho

et al, 2018).Using measured pressure heads, water contents and evaporation fluxes it is possible
subsequently to obtain the SWRC and the hydraulic conductivity funkt{bh It is not recommendedo
measure independently Ks, the saturated perroiity, because close to saturation, the miensiometers
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are not able to register very small changes in watetential. This is particularly relevant for all type of soils
with the exception for relative fine and intermediate soils (Bez€rolho et 312018).Thestrength of the
evaporation method stays in the closeness of the procedure to determine hydraulic parameters to the
natural phenomenon thabccurs in real soils (Romano and Santini, 1999).

The evaporation phenomenon evolves in two stages dutire test. Initiallythe evaporative flux from the

upper surface is constant over time and the decrement of the soil weight is linear in time. This is due to the
fact that the evaporation rate is independent from the hydraulic properties of thelsdilat the initial

stage, it depends only on the external environmental conditidrige duration of this initial stage depends

2y GKS FIFrOG GKFdG GKS AYyONBlFaS Ay LINBaadaNE KSIRQ
conductivity K(h (Romano andSantini, 1999).In time the water content near saturation decrease
drasticallytogether with K(h) and the water could not be delivered to the external surfacéhe same

initial rate. The second stage sees the abandon of the initial linear curvenater loss and data arrange

on a concaveshaped curve. The experiment stops when the tensiometer in the lower position cavitates,
breaking the hydraulic connection to the presstnr@sducer (Romano and Santini, 199yaporation test

could be performedwith a continuous drying or by stages, in which a drying stage is followed by an
equilibration stage. In a continuous staigés possible to slowdown the evaporationwrapping the sample

or placing the sample in a controlled humidity chami@unninghan (2000) andoso et al (2003) showed

that little differences could be found in the obtained SWRC usirgestaying or a continuous dryindhis

leads to the conclusion that thebtained SWR@Gas a low dependence on the evaporatiaie (Lourenco

et al, D07). It should also be said that thenost accurate results are obtained with the stage drying
procedure because the lack of equalisation could cause inaccuracies that depend on size of the soil sample,
shape of the sample, dimension of the exposedae, position of the tensiometelf the tensiometer is in

contact with the external surface it is more likely to obtain an incorrect water retertiome (Lourenco et

al, 2007).

It is relevant to report that the parameter estimation technique by meahsnverse analysis has been
successfully applied to the laboratory evaporation technigiree long timeln fact hydraulic parameters
estimation could be obtained fitting the data suctiwpnlumetric water content to a certain function (a soil
hydraulicmodel), the seO f £ SR 2 A yoRoBtained i Kuth&iEahversion(Simunek et al, 1998;
Simunek et al, 1999). Ciollaro and Romano (1995) appliethtieese procedure to determine soil hydraulic
parameters of a nutmer of soils using uniguely a da&t from an evaporation experimentA good
FANBSYSyild 06Si6SSy LI NIYSGISNB SadAaAyYlidAazy o@& ¥Slya
been obtained alsty Simunek et g]1998). Practical information on the correct laboratory procedure, the
minimum number of information required for a reliable and accurate inverse estimation of the parameters
could befound in Hopmans et a20032).

13 evaporation tests were carried out to investigate hydraulic properties of the embankment of interest
(unit A), amoig which 3 tests were performed using intact soil samples and the rest using reconstituted
samples at the void ratio determined from the in situ state at the considered depth ranging from 2,8 m to

6,9 m from the crest. 3 evaporation tests were carried ofitoA Y i I OG az2Af FNRBRY GUKS ¥
ranging depth from 2,15 to 2,27 ranetest on an intact sample from the foundation (unit B) aomk test

on a reconstituted sample using the soil from the agricultural field by the outer side of therdmigat.
Reconstituted sample started from a condition close to saturatiem a slow evaporation rate has been
imposed to guarantee a lire distribution of suction along the sampteight(Gragnano et al, 2018)
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To trace the dry end of the SWRC alsydel the cavitation limits of the micrtensiometers, the
evaporation tests were coupled twapour pressure methodsIn this method suction is determined
equilibrating the sample in an enclosed chamber and subsequently measuneafiwair pressure of the
chamber and the sample saturatiorapourpressure. Total suction is theeomputed using Kelvin equation.
5S¢ LRAYG YSFadNBYSyd Aa || WQLINAYLEFNE YSIadiaNBYSyi
relationship and a temperature measurement to obtain tataktion (Campbell et al, 2007he Dew Point
Potentiameter (model WP4 by Decagon Device) has been used for the laboratory tests. It determines total
suction measuring the dew point temperature of the chambeequilibrium with the investigated sample.

The temperature of anirror, whose reflectance is monitored by an optical sensor, is lowered to the point

in which dew occursThe sample temperature is monitored by infrared thermometry while mirror
temperatureis monitoredby a thermocoupleDew point method is the most efficient method to measure
suction in the range -#00 MPa with an accuracy of 1% while for the wet end it is not a substitute of
tensiometer measurement and axisnslation(Campbell et al, 2007).

In the following graphgFigure6), the performed evaporation tests are presented in terms of volumetric
wateNJ O 2 y (i Ssyidiion (kPa)Thepoints are the laboratory data arttie blacklines are the bestfitting
usingvan Genghten (1980) model In imageA all the SWRC of unit A (embankment layer) are plotted
together, inimageCthe2 Yy S& 2 ¥  dzjayer),in im@gelihe tetatdidnlcudrveof unit B (foundation)
andin image B othe agricultural layerThe embankment is the layer whi¢h better characterized with a
greater number of performed laboratory evaporation tests because an accurate detionnof its
hydraulic parameters is of primary importance for reliable pwp spatial distribatiortime and future
stability analyses.
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Figure6: SWRC in terms of volumetric water contestidion of the investigated layers (imagA the embankment layer, image B
the agricultural layer, in image C the fluvial layer and in image D the foundation layer).

In Table3 below, the hydraulic parameters obtained by laboratory evaporation testge been reported
divided for layer. Some statistical indices such as the mean, the standard deviation, the variance, the
confidence interval have beecomputedfor eachlayer. In red the statistical indices that show a higher
dispersion of the optimizedralues (standard deviation and confidence interval of the same order of
magnitude of the parameteryhich indicate a greater uncertainty in the estimate
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Table3: Hydraulic parametersbtained fitting the laboratory experimental d& of the investigated soils and some statistical
parameters (mean, standard deviation, variance and confidence inteyval

EMBANKMENT "R()  ‘sat() "VG(m-1) nVG ()
TC1 2.8m(l) 0 0,375 0,903 1,207
TC1_2.8m (ll) 0 0,385 0,827 1,265
TC1_2.8m (lll) 0,011 0,385 1,830 1,268
SPC1_3.9m (I) 0 0,387 0,210 1,269
SPC1_3.9m (I) 0 0,387 0,232 1,223
SPC1_3.9m (llI) 0 0,461 0,734 1,237
TC2_4.3m(l) 0,00008 0,375 0,491 1,300
SPC1_4.3m (Il) 0,045 0,474 0,912 2,023
SPC1_4.3m (llI) 0,0008 0,386 1,598 1,360
SPC1_4.8m (I) 0 0,374 0,268 1,204
SPC1_4.8m (Il) 0 0,404 1,819 1,164
SPC1_4.8m (lll) 0 0,351 0,321 1,238
SPC1_6.9m 0 0,416 0,909 1,196
mean 0,004 0,397 0,850 1,304
stand. deviation 0,013 0,035 0,579 0,222
variance 1,6E-04 0,001 0,335 0,049
n° values 13 13 13 13
confidence interval 0,008 0,021 0,350 0,134
average+conf.interval 0,012 0,418 1,200 1,438
average-conf.interval 0,000 0,376 0,500 1,170
FLUVIAL “r() ‘sat(-) "VG(m-1) | nVG (-)
TB1 2,15 m 4,2E-06 0,348 0,233 1,201
TB1 2,27 m 8,0E-04 0,306 0,247 1,289
TB1 2,27 m (Il) 8,0E-04 0,303 0,271 1,363
mean 0,001 0,319 0,251 1,284
stand. deviation 4,6E-04 0,025 0,019 0,081
variance 2,1E-07 6,3E-04 3,7E-04 6,6E-03
ne° dati 3 3 3 3
intervallo confidenza 0,001 0,063 0,048 0,201
media+int conf 0,002 0,382 0,298 1,485
media - int conf 0 0,257 0,203 1,083
FOUNDATION ‘r() ‘sat(-) hVG(m-1) nVG (-)
TB1 4,8 m | 0 0,424 0,118 1,142

3_3 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES

Chapter83 focuses on the presentation of thastrumented bank section along $#da River, close to
CavezzpModena The installed sensors and their functioning have been extensively discussed together
with the accuracy of the instruments and thmalibration procedure adopted (83.1) Moreover, the
laboratory tests performed in ordeio investigate the SWRC of the different layers have beéescribed

and the results show(Figure6, Table3 of §3.2.

25 sensors monitoring soil water content pwp have been installeth the investigate riverbanksection
(n° 7 GS3y METERGroupg n°4 SM150Ty DeltaT Device n°2 Casagrande piezometers;n°9 MRS6
Decagon Devicen®3 T8by Decagon Devigdn the period between 2012017 (see Figure5). These
instrumentations hag been designed andistributed for agricultural purposes in order to increase the
efficiency of the productivitfor very extensive cropg heir functioninghasbeen convertedto geotechnical
engineering purposedn some casesesisors have been gtalled individually in bor@oles in other cases
multiple installations have been performealthe same holga sensor monitoring pwp and one monitoring
water content)in order to track the in situ SWRC at a certain depthsensor measures directly the matric
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water potential in theworkingrange betweent85/-100 kPawith a nominal measurement accuracy of +/
0.5 kPa MPS6 measures thdielectric permittivity & a porous ceramic disc in equilibrium with the
moisture of thesurrounding soil ath the dielectric permitivity is directlyrelatedto soil water contentThe
accuracy oMPS6sensor ist/- 10% of the reading-2 kPan the range-9 to -100 kPaln GS3 and SM150T
sensorstwo electrodes generate an alternating electrical current and the FDT is applied gureeavc of
the surrounding soilThe hydraulic parameters of the SWR&ve been obtainethy means of evaporation
testsusing Hyprop by METER Grd@.2) The pwp in time is measured at two different heightsidethe
soil sample by micrteensiometers(working range +2 te240 kPa)while the water loss is determined by
weighing thewhole systemduring the test.Eigheen evaporation tests have been performsdme of them
on undisturbed samplespthers on reconstructed samplegat the in situ void ratio).Tests have been
performed starting from a condition close to saturatitten sampls have been gradually driedThe dry
end of the drying branch of the SWR@ to 1MPa)has been determined by meang the dewpoint
method (WP4 by Decagon Devijc&lobally 113 tests have been performed on the embankment soil, n°3
on the fluvial soil, n°1 orthe foundation soiland n°1 on the agrarian sofFigure6). Statistical indies have
been used testudy the dispersion of the hydraulic parametdor each investigated layéFable3).

Chapter&4 presents the preliminary testsn the metrics/indices that could be potentially used to quantify
the performance of direct and indirect simulatior{@verse analysispf the investigated problem
Metrics/indices have been testedsing datasets similar to the onesith which we are dealingn the
present case study (dataset of PH, dataset of wc and mixed dataset Phlitlwaj increasing dispersion of
the data and arincreasing nurber of outliers Theperformance ofobservedsimulated datasets tsbeen
evaluatedand the pros/cons of each index highlighted.

4 PRELIMINARTESTS OTHEMETRICBNDICE®ERFORMANCE

The metrics performance has been tested prior toithepplication to thecase study. It is becoming
increasingly important to test indicators in order to individuate the ones that are logical, consistent and
appropriate for the application (Ali et al, 2014). The main characteristics that a good indicator should have
arethe following:

1) Tohave direct physical meaning and interpretation.

2) Tocatch the accuracy and weakness of the simulation capability, to allow, as final goal, an estimation of
the acceptability/goodness of the model.

3) The trend of the metric has to beconsistent with the logical directions without ambiguous
performances. An index has to be always consisteritsinesult with different initial dataset in order to
allowthe comparison of different models or simulations.

4) Indices that are not dependerin the measureunit are more powerful because they are applicable to

any field of observation and range of values. For our case study this characteristic is extremely useful due to
the fact that we deal with pressure head and water contelata that have usually different order of
magnitude
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5) Boundedindices (with upper and lower values) have to be preferred. Many indices are bounded on the
upper end (usually 1) but lack of a finite lower bound which makes very difficult the assessment and
compaison of models performance.

To test the behaviauof indicegmetrics, simulated random data have been used while observed data are
NEFf FyR GF1Sy FTNRY (GKS Ay &aAiddz YSIadaNBYSyltao Ly
02y (i Sy i QQ haé belert usad@bmerved datain the period 14745819950 min)while for the
GeLkRf23e WYQLINEA Idbsheek Gsk@bseed tatan the period 624061.35000min). A

third dataset from the combination of the pressure head and watentent dagasets has been use@7

data are in the water content dataset, 30 data in the pressure head dataset and 57 in the pressure
head+water content dataset. Random data have been generated by means of Ndgtlstathworksfor

each typology of observation datasatcording to these criteria:

RANDOM 1_WATER CONTENT DATASET: random values in the intéy@8%,2fhe chosen interval is a
possible range of variance of the water content of the soil.

RANDOM 2_WATER CONTENT DATASET: random values in the inteby&D%,2Barger interval with
respect to random_1)

RANDOM 3_WATER CONTENT DATASET: random values in the inte®y&0%{&rger interval with
respect to random_2)

RANDOM 4_WATER CONTENT DATASET: the same values of Random_2 but one «f lihe bekre
substituted by an outlier

RANDOM 5 WATER CONTENT DATASET: the same values of Random_3 but four values have bee|
substituted by outliers

RANDOM 6 _WATER CONTENT DATASET: all the random values are underestimated with respect to the
observation data (all th points are below the 1:1 line in the graphFafjure8)

RANDOM 7 _WATER CONTENT DATASET: all the random values are overestimated with respect to the
observation data (all the points are above the 1:1 line in the gragtigafred)

RANDOM 1 PRESSURE HEAD DATASET: random values in the intePnal Dl chosen interval is a
possible range of variance of the soil pressure head.

RANDOM 2_ PRESSURE HEAD DATASET: random values in the iritglwa(l@rgelinterval with respect
to random_1).

RANDOM 3_ PRESSURE HEAD DATASET: random values in the irggwgldr@er interval with respect
to random_2).

RANDOM 4 PRESSURE HEAD DATASET: the same values of Random_2 but one sh#sebedne
substitutedby an outlier.

RANDOM 5 PRESSURE HEAD DATASET: the same values of Random_3 but three values have be
substituted by outliers.
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RANDOM 6_ PRESSURE HEAD DATASET: all the random values are underestimated with respect to the
observation data (all the pointsre below the 1:1 line in the graph Bfgure8)

RANDOM 7_ PRESSURE HEAD DATASET: all the random values are overestimated with respect to the
observation data (all the points are above the 1:1 line in the gragtigafre8)

RANDOM 1 PRESSURE HEAD+WC DATASET: combination of Random_1_pressure head+ Random_1_ wa
content datasets

RANDOM 2_ PRESSURE HEAD+WC DATASET: combination of Random_2_pressure head+ Random_2_wa
content datasets

RANDOM 3_ PRESSURE HBADDATASET: combination of Random_3_pressure head+ Random_3_water
content datasets

In Figure7 (left) Random_1, Random_2, Random_3 pressure head datasatd be observed with their
dispersion with respect to the black lirfhe real observation points of8TB*4,9m). InFigure? (right)
Random_1, Random_3, Random_3 water content datasatld be observed superimposed on the curve

of the real observation points (SPC2_7,1m)Figure8 the random datasets of pressure head and water
content are represented against the observed dataset, line 1:1 represents the best fit between simulated
and observed dataTable 4 reports the indicenetrics values obtainedfor each random distribution
presented. The values that are not consistent with the expectations are underlined dolad.

- The differencebased statistical indicators as MAE, MSE, RMSE show consistent and logical values in
all the different dataset typlogy (water content, pressure head, water content+pressure head).
The error values increase as values become more scattered from Random_1 to Random_3, moving
from O (best fit) to larger positive values. Moreover the dataset with outliers show an inchease
the error compared to the simulation withowutlierswhichis logical. It is important to report that
the index based on absolute values of differences (as MAE) are in general preferable over the index
based on squared differences (as FiY1®ecause squaring the errors prior to sum them ever
weightsthe influence obigger errors and undereights the influence of smaller error (Willmott et
al, 1985)This is a general statement that could be extended to all the indices.

- The index MBEshows to be inconsistent for the pressure head dataset, incretimen for
Random_2 PH(going to positive value) and decrementing (going to negative value) for
Random_3 PH. This is due to the fact that MBEsdwt have a quadratic form or an absolute
valueso the errors of opposite sign cancel out. The index MBE is able to show the general direction
of the error (underestimation or overestimation of the observation dataset) and for this redson,
could giveprecious information iinalysedogether with the other error indices.

- The coefficient of determination ’Rshows an illogicabehaviourfor all the three typologes of
dataset (pressure head, water content, pressure head+water content), increasing in Random_2
with respect to Random_1, and deasing again in Random_3. The expechsthaviouris a
decrease proportional to the dispersion of the dataset (a proportional departure from the best fit,
closer tol). The correlation and correlation baséedlicessuchas R are extremely sensitive to
extreme outliers and insensitive to additive and proportional differences between observed and
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simulateddataset (Willmott 1981) for thiseason their use has always to be very cautious and
always coupled with the use of other indices.

The efficiency metricsuch as NSE, NSErel and NSEj show a consistent arzklugyicourin all the

three typologes of dataset. Despite thesensiivity of these efficiency criteria to outliers, the
indicatorsgive the expected response also for Rando4 and Random_5. NSE, NSErel and NSE;]
have negative values that medimat the average value of the observddtasetis a better pedictor

than the simulated datasefThe efficiency of the water content dataset is lower than the one of the
pressure head ataset this is due to the fact that NSE overestimates the efficienahe@dataset

with bigger numerical values (such as pressure head measurements) while underestimates the
efficiency of smaller numerical values (such as water content measurementskfflidiency is
higher for the dataset composed of underestimated random values compared to the dataset
composed of overestimated random values (see Random_5 and Random_6)

The Coefficient of Variation @¥) and the normalizedCoefficient of Variation N(CO/) show
consistent and logibehaviourfor the water content and pressure head datasethey increase
with the standard deiation of the input dataset. € shows an irregularity in the mixed dataset
(water content+pressure head).

The KGE index shows enconsistency in the water content dataset. KGE of Random_2 has a better
fit (closer to 1) than Random that is not logical because random_1 has a lower dispersion of the
data compared to Random_2. KGE has a wider range of (erroneous) variation fioe¢sare head
dataset in the positive and negative range with respect to pressure head+water content dataset
that has minor fluctuations.

The KlingGupta efficiency is born as improvement of the widely used NSE because it is based on an
improved combinatbn of the diagnostically meaningful components of the mean square error
(mean, variability and dynamics) thate at the baseof the NSEndex (Murphy, 1988, Gupta et al,
2009). For our case studWSEand its variants (NSEj and M&8Eseem better statistal indcesthan

the evolution KGE.

The index of agrement IA and its derivatives (A I1A) show an anomaloubehaviourfor all the
three typolodesof dataset. Moreover for the pressure head dataset behaviouris also reversed

(it decreass with good simulated values), while for water content and water content+pressure
head datasets the direction is correct but not proportional to the data dispersion from the
observed values (Random_2 hasalue closer to 1 than Random_1). The index of agreerifent
has beerproposed to overcome the insensitivity of NSE afAtbRlifferences in the observed and
simulated means and variances but it results oversensitive to extreme values theesquaring of

the differences in theaumerator (Willmott, 1981). As mitive factors, IA is a relative and bounded
measure that is widely used in every field for croemparisons between models/simulations. The
performance of two indiceA=; I Y R intréd@zéd to overcome the limits of IA, has been tested.
The fist index was introduced by Lega@nd McCabe (1999) as a modification of[é§uation
124]:

)1  p8 —>2ede [equation 124]
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The modified index A gives an appropriate weighting to errors and differenceshwio inflation
given by squaring the values, one of the major limits of the original version of the coefficient of
agreement IA. The rangd wariation of the index is-@ and 1 represents the best fit. The second
Y2 RA T A SR (sdeyequstin 25) refoves the influence of the simulated values from the
denominator of IA, substituting them with the observed values. In this way the new denominator
becomes a modehdependent standard of comparison for the sum of errors (numerator).

Bs S

!
) ! a8 o —

[equation 125]

¢KS YI22NJ R26yaARS 2F G(G(KS AYRSE L! @QintdrpietaioR I (0 A (
of the model performance becomes more difficult. The application to the random dataset of the
G662 AYRAOSaA Y2RAFTASR FTNRY (GKS 2NRIAYLFE L! YSil
the datasettypologes, while for A-1the general trend is reversed (closer to 1 for wider dispersion

2F GKS RFEGFO® L! DdzM®B i yI0fSe AND TESHEHBIREF S NI 1F3z L! 2

PH dataset o Y

@ Random 1 we dataset

06 ® o
> ® O Oranvom2
® o

05 dataset L

Observed 03
=== dataset
® ® @Rradomt
® O @ ~Rradom2 0.2 ®
(BN

@ Random 3

50000
75000
00000
125000
150000
100000
150000
00000

250000
300000

hA . N "
time (min) time (min)

Figure 7 Graphs showing the dispersion of the random dataset of PH (left side) and water content (right side) around the
observed dataset (black line).
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Figure8 Graphs showing the dispersion of the simulated random datasets compared to the observed datalet more the
points are allocated close to the 1:1 linemaller is the dispersion.
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Table4: Metrics/indices valuesadculatedfor the different simulated random dataset®bserved datasetsln red the metrics
whose values are illogical with respect to the expected trend.

RAND1_WC | RAND2 WC | RAND3_WC | RAND4_WC | RAND5_WC | RAND6_WC |RAND7_W(]
MAE 0,04 0,05 0,11 0,06 0,15 0,11 011 |
MBE 0,01 0,00 -0,07 -0,01 -0,09 0,11 -0,11
MSE 0,00 0,00 0,02 0,01 0,04 0,02 0,02
RMSE 0,04 0,06 0,14 0,08 0,20 0,14 0,14
nCoV 2,14 3,87 7,48 5,20 11,35 6,37 5,53
cov 10,89 19,74 38,12 26,52 57,88 32,50 28,18
NSE -1,88 -4,55 -27,08 -7,91 -56,25 -26,47 -27,08
IA 0,32 0,40 0,15 0,38 0,09 0,27 0,20
NSEj -0,65 -1,47 -3,94 -1,81 -5,89 -3,90 -3,94
IAJ 0,27 0,28 0,15 0,25 0,12 0,20 0,18
NSE rel -1,84 -4,50 -29,47 -7,13 -59,32 -28,68 -29,47
IArel 0,33 0,40 0,08 0,43 0,04 0,21 0,13
CRM 0,02 -0,01 -0,19 -0,04 -0,22 0,55 -0,26
R’ 0,02 0,01 0,02 0,05 0,03 0,27 0,00
NSE log -1,98 -4,59 -20,75 -6,64 -41,89 -47,29 -20,15
KGE 0,09 -0,53 -2,44 -1,16 -4,64 -1,75 -1,44
R 0,12 0,11 0,15 0,22 0,17 0,52 0,01
1Aj-1 0,27 0,28 0,15 0,25 0,12 0,20 0,18
IA' 0,18 -0,24 -1,47 -0,41 -2,44 -1,45 -1,47
RAND1 PH | RAND2 PH | RAND3 PH | RAND4 PH | RAND5_PH | RAND6_PH |RAND7_PH
MAE 0,37 0,50 0,57 0,57 0,70 0,57 0,57
MBE -0,12 0,05 -0,26 -0,02 -0,39 0,57 -0,57
MSE 0,22 0,36 0,53 0,64 1,02 0,53 0,53
RMSE 0,47 0,60 0,73 0,80 1,01 0,73 0,73
ncovV 2,48 5,65 11,87 10,91 17,73 15,02 11,38
cov 13,37 30,45 63,93 58,77 95,50 80,91 61,26
NSE -0,17 -0,97 -1,86 -2,44 -4,50 -1,86 -1,86
IA 0,29 0,17 0,46 0,11 0,31 0,67 0,61
NSEj -0,06 -0,43 -0,63 -0,62 -1,01 -0,63 -0,63
1A} 0,24 0,15 0,36 0,13 0,32 0,43 0,43
NSE rel -18,36 -23,56 -46,61 -39,92 -49,87 -46,61 -46,61
IArel -10,68 -9,33 -8,01 -9,64 -5,42 -4,51 -5,48
CRM -0,12 0,06 -0,23 -0,02 -0,31 1,81 -0,39
R’ 0,00 0,22 0,00 0,19 0,00 0,62 0,33
NSE log -0,23 -0,79 -1,35 -1,22 -1,80 -0,83 -0,91
KGE -0,21 0,34 -0,02 0,40 -0,43 0,07 0,19
R 0,04 0,47 0,07 0,43 0,02 0,79 0,58
1A=y 0,24 0,15 0,36 0,13 0,32 0,43 0,43
IA' 0,47 0,29 0,19 0,19 0,00 0,19 0,19
RAND1_PH+WC| RAND2_PH+WC | RAND3_PH+WC | RAND4_PH+WC | RAND5_PH+W(C]|
MAE 0,21 0,29 0,35 0,33 0,44
MBE -0,06 0,02 -0,17 -0,01 -0,25
MSE 0,12 0,19 0,29 0,34 0,56
RMSE 0,34 0,44 0,54 0,58 0,75
ncov 8,07 7,27 12,45 10,53 16,75
cov 60,41 54,41 93,19 78,78 125,37
NSE 0,37 -0,06 -0,58 -0,85 -2,04
IA 0,80 0,59 0,69 0,45 0,56
NSEj 0,42 0,22 0,05 0,11 -0,20
IA) 0,71 0,56 0,57 0,52 0,51
NSE rel -3,93 -5,27 -11,30 -9,44 -12,34
IA rel -0,53 -1,41 -1,41 -2,09 -0,94
CRM -0,09 0,04 -0,22 -0,02 -0,29
R2 0,43 0,12 0,25 0,03 0,16
NSE log 0,36 0,07 -0,30 -0,16 -0,64
KGE 0,61 0,31 0,34 0,17 -0,06
R 0,65 0,35 0,50 0,18 0,41
1A -1 0,71 0,56 0,57 0,52 0,51
IA' 0,71 0,61 0,52 0,56 0,40




4 1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES

The performance of different indicggccuracy metds/efficiency criteria) has been tested prior to the
applicationto the observedsimulaed data of the investigated embankment section in ordeimiividuate
limits and potentialitiesof these indicesvhen applied to different datasetfRandom distribubns of a
simulatedPH dataset, of a wc dataset and of a PH#atasethave been generated with an increasing
dispersion of the datapr with an increasing number of outliersr with a global overestimation and
underestimationof the simulateddata with respect to theobserved datalt has been observed that MAE
which is the simplest measure of forecastows acoherenttrend in all the consideredimulateddatases.

It has to be remembered thahis index is unbounded (from O to infinite) and dependenttbe unit of
measurementnd for this reasom normalization is needed with na@a datasetsThe same conclusions are
found for MSE and its square root RMSE, logical trends are observed in all the investigated cases and both
could be considered excellentatrics for numerical predictiondviore difficult is the interpretation of MBE
that could not be used to evaluate the goodness of a mdtetween observedsimulated dataset but it
gives only information on the general direction of the err@s observed, BEfails to capture the increase
in the simulated dataset dispersiofor all the three types ofconsidereddata (PH, wc, PH+wc)lhe
Coefficient of Residual Mag€RMN gives ameasure of the tendency of the model to underesdte or
overestimate theobsened data. It is an unbounded-ififinite to infinite) indexand independent from the
unit of measurementlt shows for the datasstwc and PHwcillogical oscillations passing from thendom
dispersion 2 taandomdispersion 3whileit showsa logical behgiour with an increase ithe number of
outliers.

Differently from MAE, MSE, RMSE, MBHE CRMthe coefficient of determinatior¥ is bounded(0-1) and
independent from the unit of measuremerit shows illogical oscillati@with increasing dispersion dffie

data (seeRAND1, RAND2, RAND3rable4) which isin line withthe limits of this indexwhich could be

greatly affected byoutliers, by the number of data in the dataset and it could dgivghvalues (close td)

even if thegoodness othe model prediction isot sufficientdue to, for example problems of overfitting

data @ model with too many variables compared to the number of observationtgoitt has been
observedalso the contrarylow values of Reven if model preittions are sufficiently good This condition

could happen¥ G KS NBaARdzZ fa I NBE gRRIgE BSiuaredldfl meviaBly bey R @
smaller but the regression line may still be the best way to describe the relationship between \aifaile

this reasons, it is always suggested to thés index together with others.

nCOV and COWormalized coefficient of variation and coefficient of variatioespectively showlogical

and consistentrend in all the considered datasets a part frothe mixed dataset (wc+PHIL is a good
indicator, not dependent on the unit of measuremehbtt unbounded (@infinite); it could give misleading

resultsin case the obswed-simulated datasets contaiboth positive and negative values and the mean of

the datais closeto zerst KS Ay RSE 2F | ANBSYSyid L! IyR Ada RSNRCL
indeperdent of the unit of measuremenbut they show an unsatisfactory behaviour for all the three
considered datasettRAND1, RAND2, RANDR)e reaon could stay in the oversensitivity of these indices

to extreme values. ThderivateA Y RA OSAKILANZ693y LINRPLRASR (2 2@0SND?2
AK2gy | 322R 0SKI@A2dz2NI Ay I f f belpeBrre®ef thdtheSMmBHiR Ol & o
followings. The NastSutcliffe model efficiency coefficiefNSE)and its derivatives are good indicators
unbounded (1 toginfinite) and independentfrom the unit of measurementThey show in all the
considered caseshe logical trend we epect. NSE and its derivatives haweersensitivityto high values

moreover large values of NSE could be obtained with a poor model if data have high variabiléyon
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the contrary, if observations exhibit less variability and the values are closeh¢omean, NSE could
approach negative infinity even if theadel could predict well the olesvations.In order toaddress the
shortcomings of NSEhe KlingGupta efficiency indeXKGE)has been introducedDespite this,in the
performed tests,it has beenobservedan illogical behaviour of this index for the datasef typology wc
and PH+wcFor RAN2 and RANDB in Table4, KGE increases as the dispersathe observed dataset
increases (best fit) which is conceptually wrond-a this reason NSE and its derivatives will be preferred
in the following analysis over KGE.

Due to the fact that each metric/index has its pros and cons iansl suitableto emphasizeparticular
aspecs of a simulated behaviour, it is always suggestedute a pool of metrics / indicesn which the
modeller is confidentin order to have a complete overview dhe simulation outcomes overcoming
possiblemisinterpretatiors due to specificlimits of the single indicesMoreover,it is always suggested to
use a limited number of indices/metrics in order &void to be lost ira large amount of data unable to
draw any conclusionsn the goodness of a model predictiofihe metrics/indices that have shown in this
chaper the expected behaviour for all the diffemt typologes of random datases will be preferred over
the othersin the following analysis

Chapter85 focuses on the elaborated numerical model of the 2018 simulation peGedmetry,initial
conditions, boundary conditionshoundary fluxes, model gtretization, iteration criteria have been
explicitly dealt. A sensitivity analysis of the hydraulic parameters of the adopted hydraulic models
(hystertic and nonhystereticoneg has been perbrmed. Moreover he sensitivity of the model equations

and soler has been tested considering different values of the input parameters with different number of
digits after the commain order to understand to which precisighe problem has to be dealt (precision of

the set of optimized parameters obtained by invees®lysis)

5 THE NUMERICAL MODEL OF THE INVESTIGATED EMBASKMHEQN

The2D geometry of the investigated embankment of Secchia River, obtained by topographical survey, has
been imported in the code by mean$ 47 geometrical pointsThe topographicasurvey investigated 40 m

of section, crossing 3 times the embankment. External outline used for the 2D numerical model is
calculatal as the averagerofile of the three sectionsin Figure9 the graphic result of the topographi
surveyis presented

The layers in which the domain has been dividethg CPTU tests interpretati@me the ones presented in
chapter83. The resulting domain is 90 m wide from the terof the river bed to the agrariafield in the
outer-slope of theembankment and 23,4 m high. The origin of the geometrical reference syistamthe
centre of the river bed (axis) and 10 m a.s.l-xis). Thel observation points aréocated in thepositions
of the installed instrumentshat are projectedto the sane 2D plain.The applied boundary calitions are
summarised in théollowing Figure9.
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Figure9: The geometry of the investigated section with indication of the soil layarsl of the boundary condition®f the FE
model.

The upper boundary is an atmospheric boundary condjton WQ&d& a3GSY RSLISYRSyid o2
because the pressure head or the gradient along that boundary is not known a priori. It depends on the
interaction between the soil andhe environmentfor example the water flux across an atmospheric
boundary conditions during a precipitation event depends on the precipitation rate and on the infiltration
capacity of the superficiaboil (Radcliffe and Simunek, 2010)o define the atmosphesi boundary
condition, data of precipitation, evaporation and transpirati@very 30 min have beemsed The
investigated area lacks of a weather station. Data of humidity, temperature and precipitation are recorded
by a weather station in Cortile da Catpat. 44.778387, Lon. 10.971283)km away from the investigated
section. These atmospheric information are available and freely downloadable from ARRfonal
Environmental Protection Agencyjebsite, Dex3r wekapp fttps://simc.arpae.it/dext3r). To compute
evaporation and transpiration contributiofRITERIAD, an opersource software for soil water balance

and cropmodelling developed by ARPA, has been ugedteria uses a simplified modelssuming anulti-
layered soil and computing explicitly values of water flows betwdayers, deep drainage, actual
evapotranspiration flux, surface and subsurface runoff and capillary fewing the approach of
Driessen (1986) and Driessen and Konijn (1988 model requires as input daily data of temperature
(min-max), precipitation, the division in layers and for each layer thetertlre, bulk density, organic
content, soil water retention curveand crop management information (sowing, tillage, fertiliaat
irrigation). If available estimated potential evaparanspiration could be given as input dafehe choice to

use a simplified and conceptual model as CRITERIA 1D is driven in our case by thaalactoafompute

more preciselthe actual evapotranspiration contribution In fact lysimeter data to measuthe amount

of actual evapdranspirationin the investigated sectioare not available Criteria 1D uses th®enman
Monteith (Penman,1949; MonteitilLl965)method, in the lastrevision by Allen et al (1994) computeETqg

the Potential Daily Reference Evaipanspiration,defined as the rate at which readily available water is
vaporised from the reference vegetated fage. The reference surfaég a uniform, dens grass ofestuca
arundinaceawith a specific height and surface resistance in a field of at least 100 m of the same vegetation
(Allen et al, 2005)Eto is a parameter independent of thgpe of crop that could be computed only from
meteorological dataRenmanMonteith method is adopted and recommended by FAO and it is worldwide
used as the referenceAccording to PenmaMonteith, ETo could be computd with the following
expressiorfequation 126]:
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O0"Y — [equation126]
where R is the net radiation (MJid™"), G the net heat flux from the soil (MJd™*),p G KS &af 2 LIS =
saturaed vapour function (kPa G = + A& G(KS Ll KRR SditheTa@ag®daiyya i+ vy
speed of the wind at a height of 2 meters (m/segjsehe saturation vapour pressure (kPa)isethe actual

vapour pressure (kPapverage daily tempmture, minimal and maximal daily relative humidity, solar
radiation, wind speed are the input data for the Criteria software, all available in Dex3r webDagp.to
computethe maximum evaporation and the maximum transpiration the Kc, crop coefficientyasluced.

Kc is depedent on LAI, the daf Area Index. Criteria has provided a database of cpgrametersfor

different type of culture;values available in literature. The description of crop parameters in the most
precise and accurate way is sureBcommendedto increase the model accura@/g. compuing LAIby

means of anulti-spectral cameraRittelli et al, 201). Due to the lack of crop parameters determinatifam

the investigated sectioh Tl f f 26 A& OK2 &Sy TReMBuNdancomditiorobstivderttie R G |
embankment and the rivefleft side of the modeljs a systerindependent boundary condition, a Dirichlet
boundary condition. Thewater level sequenceghrough the investigated section is given in terms of
pressure head (m) in timé&he hydrometric data used in the numerical modelling are collected from the
stream gauge at Ponte Bacchiello (Lat. 44.747546, Lon. 10.98Y34)daulic 2Dunsteady flow model

using HEv! { o1 @RNRf 2380 9y 3IAYySSNR yisdapplieSty cosehid he wateld S NJ !
flow through Ponte Bacchiellp<-axig with the water surfae elevation (m) in Ponte Motté-axig. The
conversion equatioms the following[equation127]:

y =-3,3678E16X + 9,6465FEL3% - 1,1202E09x* + 6,8493ED7x% - 2,4196E04X* + 5,6710E2x + 2,2528E+01
[equation127]

The lower edge of the model mssumed to bean impermeable layera system independent boundary
condition in which the flux through is zer®do the right edge of the model a constant headhefll m is

assigned to represent the hydrostatic conditions of theffald water table.In order to createa robust

seepage model, the various integration settings that could influence the results were tested prior to the
modelling. In particulatto test the optimal mesh siza line passing through the cestof the embankment

is considered and the differensén the model output are investigate@he goal is to identify the minimum

mesh size to obtain an accurate model without increase the computational burden. It is necessary to make

a compromise because fibr the embankmentpart subjected to higher hydraid gradient a finer mesh is
desirable in the model extremities were the conditions are closehydrostatic a finer mesh ésy QG 3I A FS
any improvemens to the mocel. In Figure10 the pressure head profiles obtainddr a section passing

through the centre of the embankment in two different temporal instatg610min (22/11/2017) and

43830 min (12/12/2017)are compared usingifferent mesh sie (2n/ 1,5m/ 1m/ 0,6m/ 0,3m) in order

to individuate the best solution-or the mesh siz8,0m the line is extremely edgy becausefelv data

points while for the mesh sizeelow 1mthe line is smooth and converge towardsk S WQY 2 NE I OC
solution. It wasnot possible to obtain convergence of the model for a mesh siz0,3m and finerBeing

the simulation to be performed on a mediulong period and being the number of inverse analysis to be
simulated very high, a mesh size of lhas been considered for the ease of convergence and the reduced

time of calculus.The mesh has been kept the same in all the performed simulations thighdifferent

hydraulic models (as will bidescribed in the following The mesh of the embankment core (unit A) and the

Tt dzOA | £ RSLI2aAld odzyAd ! QUI g KlIBd\Bae bekrSrefived & 2N G & 2 7
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together with the atmospheric boundary where evapanspiration phenomena and rainfall infiltration
have to be computedThe chosen mesh is unstructured and it uses a network of triangular elemBmgs
resulting mesh isamposed 0f4788 nodes, 685 1D elements due to the discretisation of boundary and

internal curves an®2312D triangular elementdn Figurell the final meshof the investigated sectiois
shown.

15 0 20 -
T=14610min a T=43830min
’ L}
* ',-d“ 4 ® ot
I‘"“ T
10 S
’ ent™ i ol ol
L 5 oA
0 . . —— i . : . . . a® Ll
i 2 8 10 12 14 16 18 20 22 24 2 'E 0 a® b
B S k] 2 b‘d 10 12 14 16 18 20 22 24 2%
£ (a4 £ 5 ~
g $ g on
e s 7
g g 10 .
= Y © 2m_mesh_size L L & 2m_mesh_size
B W 1,5m_mesh_size -15 [] W'1,5m_mesh_size
L
-20 |. ©1,0m_mesh_size 20 ° ©1,0m_mesh_size
4 © 0,6m_mesh_size * 0,6m_mesh_size
25 25 1"
-30 -30

depth (m) depth (m)

Figure10: Pressure head profile of the section passing through the centre of the embanknieee Figurel1l), in two temporal
instants 14610 min(22/11/2017) and 43830 min(12/12/2017). Minutes are calculated from the iniél time instant of the 2018
simulation (12h November 2017), seEigurel4.

Figurell: FEMesh used for the numerical modelling of the investigated section.

I AAYAL I NI wQY 2 R &ifried obta évalya@ e bestbndain dingSsion. To do sdahree
different lengths of the right edge of the model are compafedength =90, 100 and 110 m from the axis
origin)through the solution in terms of pressure head calculatethime chosersections(ab,c)and in two
temporal irstants during high flood eventsT=43830 mir(12/12/2017)and T=180 000 mifl6/03/2018),
see Figure 14. In Figure 12 the location of thesectionsand in Figure 13 the compared pressure head
profiles for the three configuration of the geometrical spacare shown As it is possible to obseryvihe
configuration with 24,5 m of agricultural field on the right siafethe embankmenix length from the axis
origin equal to 100 m)s considered acceptable, beingvary good compromisebecause as could be
observedn Figurel3, the pressure head profiles of geomigts B and C are almost overlapped.
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a b c

Figure 12: Position of the considered sectionga,b,c)in the different hypothesis of domain dimensiorfx max=90m (A),100m
(B),110m (Q)
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Figurel3: Pressure head profilesf sectiors a,b,c for ttree different geometrical dimensios of the domain (90,100,110 nfrom
the axis origin) and for two temporal instants (180 000 miri§/03/2018) and 43830min (12/12/2017)Minutes are calculated
from the initial time instant of the 2018 simulation (1B November 2017), se€igurel4.

Regarding the analytical models for the retention curve parametrisation, four models have been chosen
with which torun thedirect and indirecsimulations:
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f YQ+xDaQQY (GKS @Iy DSydzZOKiSy Y2RSt iistical pofesioNA 60 S
distribution of Mualem (1976) to describe the hydraulic conductivity function K(h).

f wQl +DaQQY eSMugdmymodeISiycdmorating hysteresis in the SWCR and K(h)
functions.

1 YQ+DAYQQY { Khen @ddel with &yenizair etry option.

1 WQI DY thevan Genchten-Mualem model incorporating hysteresis and tHem air entry
option.

The adopted hydraulic modehave been presented in great detail in chap§r 3,82 4 and82_5of the
present thesis.Further in the thesigdiscussion, thevan Gewuchten model will be indicatedvith the
acronymWGM) the Wan Genghten model considering2cm airentry valueYaQWoOM-2cnmQ) the Wan
Genuwchten model considering the hysteretic behavituis YHYGM2 énd the Wén Genghten model
consideing the-2cm air entry value and the hysteretic behaviQiBsWHYGM2cmQ Q

Regarding the integration time step, Hyd2B is always able select the optimum time stestarting
from an initial time step, a minimum allowed time stgmd a maximum time step. While the maximum
time step (maximum permitted value of time incremenias a very low influencen the modelling the
initial time step (initial time increment)and minimum time step(minimum permitted value of time
increment)have a great influence, especially on convergeacel calculation time. The initial time step has
to be set to a large time step {86 min), in our case 5 minutes, as suggestedimyuneket al (2012 for
long term process with variable boundary conditionlse Tninimum time step has to bset toa very low
value, smaller than the initial time argimaller thanthe interval between timevariable conditionsif our
case30 min). For the investigated sectidhis parameter turned out to be extremely relevant fdret
convergence of the model and its value was obtained with a long trial and error procedure. Faslthe V
HV@V, VGM2cm, the minimum tme step has been set to 0,9 min, for thYGvI-2cm the minimum time
step to obtain convergence has been set to 11 min.

The hydraulic paameters used for the simulatioof period 2017- 2018 are the average vala®f the
parametersobtained from interpolation of laboratory datausing the VG model In chapter§3 2 the
methodology with which laboratory data were obt@d have len widely discussed and the hydraulic
parameters obtained from each experimental SWRC presentedlable 3 together with a statistical
analysis.

Initially, the modelledperiod has beerthe 2017 from the 3¢" January 2017 to thel” November 2017.
The 2017period has beencharacterised by relatively low hydraulic levels of Secchia Riker only
exception waghe flood registeredin the period 4'-7" Februarywith a peak of 29,25 m a.5.land for this
reasoninstalled sensors xl R $Howia relevantanswer to hydraulic stimul The initial conditios for the
2017simulationhave been identified using 5 informatiotwo Casagrande piezometers in the foundation,
T8TB1 in the berm, the level of the groundwater below the agrafi@ld (1,5 m below the surface)
identified by CPTU tesind the hydrometriclevel of the river. Using these 5 informatidhe geometry of
the groundwater tablénas been traced. Above the groundwatamonhydrostatic but linear negative pore
pressure dstribution has been adopted-or the central part of the embankment (Unit, SPC1-{m from
the crown h value=2,1 m) andMPC1 4,7 mfrom the crown, h value2,8m) have beerusedto trace the
slope of the curve pressure head-@epth (y); while MPC{-3,05m, h values,7 m) has been excluded
from the interpolation because it is affected Hye proximity to the atmospheric boundaryor theberm
0] YA KPBiL @,9 &n from the berm surface, h valué:;53 m)and MPB2 (2,7 m from the berm surface,
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h vdue=-0,53 m) hae been usedo trace alinear interpolationof the pwp profile Only a small part of the
sensorswasavailable or reliablénot yet in equilibrium with the surrounding mediurdye to the fact that
the installation campaign was not finished at the time and some of the semswsbeen installed only
recently.

The resul$ in terms of water content and pressure head distribution of lk&t temporal instant of the
2017 period are used as imported initial conditianfor the simulation of the 2018 periadThe 2018
simulation covers the perioffom the 12" November 2017 tahe 23% June 201§seeFigurel4).

For the 2017 perioda direct simulation ha been performed using only the VGM wHibe the 2018 period
direct simulatiors have been performedising the fourhydraulic modelsavailable in the Hydrus library
(VGM, HVGM, VGicm, HVGM2cm). The calibration phase has been performed on th&82feriod
which is more significant in terms of pore pressure/water content distribution changes due to a rapid
succession of high water peaks which have followed each other throughowuittbke period.

26

river water h(m a.s.l)

12/11/17 2/12/17 22/12/17 11/1/18 31/1/18 20/2/18 12/3/18 1/4/18 21/4/18 11/5/18 31/5/18 20/6/18
Time

0 25.000 50.000 75.000 100.000 125.000 150.000 175.000 200.000 225.000 250.000 275.000 300.000
Time (min)

Figurel4: River water hejht of the Secchia River (hydrometer in Ponte Motta). On thexs the temporal scale in days and in
minutes (used for the numerical modelling in Hydrus 2D). In the following tieedtime unit will be YhénutesQftdm the initial
instant of the simulation (12th November 2018) butfor sake of clarity the day will be always reported.

5 _1SENJIVITY ANALYSEF THE HYDRAULIC PARAMETERS

Sensitivity analysis assesses the effects on the output of a model induced by changes in the values of the
input variables. Sensitivity analysis is used to define the most releparimeters of the simulatiorthe
parameters which have less influence and could be eventually eliminated from the model equations
(reduction of the model) the parameters that make the output one susceptible to changes, high
correlated parametersvith the output (small changes in the parameters are able to produce big changes in
the output). Moreover, an initial sensitivity analysis is essential to reduce the number of parameters in the
optimization process by eliminating the insensiloiees (Mashayekhi et al, 2016).is relevant to underline

that parameter uncertainty and sensibility are inversely proportiagiatehighly-sensitive variables result

in asmall parameter uncertaintie§.o analysesensitivity, the one factor a time (OFAT) technique could be
used:in a system with k parameterghe value of one parameteis changedand the remaining k-1
parameters must be sdb their base value. The set of base values tkek S y I YS 2FQ@ Qb K & S
correspong to the best bet of the parameters. This technique is the most widely used and the simplest due
to the reduced computational effort but doesnot consider the simultaneous variation of the parameters

and the influence on the outpuand it could not investigate the correlation between parameters. When
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dealing with models with a great number of parameters, the sensitivity analysis is able to give indication on
the sensible parameters on wdh the calibration should work, avoiding tineensuming on low sensible
parameters.To assess the sensitivity of the different hydraulic parameters, the sensitivity coefficieft S(t,b
calculated accordingo Abbasi (2015) and Simunek et al (1998) is app{se equation 28). The
coefficient is indpendent of themeasureunit and it allows a direct comparison betweparameters.

"Y ofto [equation 18]

Where S(t,by) is the change in the variable Y copeading to a 1% change in the paramet¢fb p o I'n Z n m
g is the j, unit vector. The coefficient of sensitivity is able to investigate thehaviourof the objective
function in the parametes space and, in particular, in vicinity of the base set of pat@ns. If a relevant
sensitivity is detectedt means that the minimum of the objective function is well defined &rid possible

to estimate the parameters with relatively high precision in the inverse problem. The coefficient is not able
to give infomation about local minima and thieehaviourof the objective function in other spstof the
parametersspace §imunek et al, 2@) but it remainghe easiesindex to evallate model sengivity with a
one-factor-at-a-time-method OFATanalysis

For each lger, an observation point is considered, then starting from the base set of parameters one
parameter at a time is varied of -6 of its value. For the embankment section the observation point
MPSBSPCZ/m is considered, for the fluvial lay&S3VPB22,2m, for the foundation layeT8TB14,9m

and for the aquifer layer PZIl7m. The sensitivity coefficients have been calculated in each considered
observation point in terms of PHn order to allow an easier comparison of the results betweba t
different points In Table5 the base values of the parameters and the varied values of the parameters (+1%
of the base valugused in the OFAT analysase presented

In Figure15, the sensitivity cofficient vs time for each layer anghder the condition +1% of the initial
vaue of the considered parametés presentél. It has been chosen to not presehere graphs obtained
under the condition1% of the initial value of the considered paramefarreason of brevity

cC20dzaAy3a (GKS FGdSyGA2y 2y G(GKS K& RNKXS, thdparadetedd YS G S
with higher sensitivity for the embankment layare YhQ &hd ¥ (B Qwo peaks of sensitivity are well

defined around 73470 min(2/01/2018) and 188200 min22/03/2018) both are in correspondence of

floods (flood D and G respectively Figure14). Flood G is particularly relevant (high water level and
persistent in time). During the initiahd final time period (before and after winter perigdhe parameters

of the embankment layeshow avery low sensitivity{close to 0). For what concerns the fluvial laymraks

of sensitivityof n,* & | afeRregistered in correspondence of 50 a8 (16/12/2017) and 200 000 min
(30/03/2018) flood D and G/H irigurel9), while in the remaining period the sensitivity is zefte global

sensitivity ofthe fluvial layer is lower than the one of the embankment layer. As we could expect, the
sensitivity of the parameters of the aquifer layiszero a parfrom the saturated permeabilitfKs with an

average sensitivity of 0,08. In fact the aquifer layer is séddrdue to the presencef the water table, for

this reasonthe only parameter that influences itsehaviouris the saturated permeabilityThe foundation

layer showshigh sensitivityfor the parameter$ Qafdugyl 41800 min1(1/12/2017,flood C)and 304200

min (11/06/2018,flood M in Figurel14), the same periods observed also the embankment and fluvial

layers, but with the difference that the sensitivity remains high during all the investigated pé&itediore

connech A (& LI NI YSGSNI wOf QQ Kl a y28 0SSy Ay@SadAalr i
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of this parameter compared to the other hydrauparameters (Abbasi et al, 2003)/e can conclude that

the calibration procedure to be carried out miBt2 Odza 2y GKS 2 LJGA YAKS (M 2%2 RIFG |
embankment layerKsT 2 NJ G KS | |j d&A FIGSNI f | EENE G KS Tt ggddafor the £ & SN
foundation layer.It is important to notice that a variation of +1% of the initialuelof the parameter

causes relevant changes in the model oufpand this aspect is extremely interesting for the investigated

case study because a number of performed indirect simulatifeaswve will see in the followindjave the

optimized parameters thiaresult in a narrow range close to the basalues, some of them with just

changes in the fourth or fifth digitafter the comma.The optimized parametersbtained from inverse
simulation have a precision of5 digits after the comma and the perimed sengivity analysis gives
indication if it is relevant or not to maintain such precision. The parameters that we have underlined for
their incidence on the model output have to be treated with the highest possible precistoa.initial
parameters dataset (b&sdataset) has a precision of 3 digits after the comma becausgher precision

seems not reasonable considering that their valaee the average of thénydraulicparameters obtained

by laboratory SWRC.

Focusing the attention on the hydraulic parameter 2 ¥ (G KS ¢ STl &; 3 in Biglaeds, 3t is o
possible toobserve a lower sensitivity compared to the hydraulic parameters of the drying curve. The
average value of the sensitivity coefficient for the three layemsti@nkment, fluvial, foundations ++-0,02

while for the hydraulic parameters of the drying curve is around#E nc @ ¢ KS Lk, NJ have (i S NA
the same trend in time for the three layers whig has a different trend. The embankment layer shows a
peak of sensitivity around 180200 000 min (flood G iRigurel4), whilethe fluvial layer around 60 000

min (flood C). Floods G and C are the major flooding events of the 2018 year. For what concerns the
foundation layer peak®f the sensitivity coefficients are observable during the whole 2018 periad
observed for the parameters of the drying curve. The sensitivity analysis of the wetting parameters shows,
as could be expected, the greatest influermrethe model outputduring the most relevant flooding events

(for the water leveheightor duration in time).

VGM

h 0 MK 0,850 0,8585 0,250 0,2525 0,117 0,1181
= 0,397 0,4009 0,319 0,3221 0424 0,4282
Kq (m/min) 0,000090 0,0000909 | 0,0000276 | 0,0000304 | 0,000000198| 0,000000218
n 1,304 1,3170 1,284 1,2968 1,14200 1,1534
i 0,004 0,00404 0,001 0,00101 0,001 0,00101
HVGM

T 0,3975 0,4372 0,3191 0,3510 0,4241 0,4665
e 0,3573 0,3930 0,287 0,3157 0,3816 0,4197
iy 1,70 1,87 0,500 0,550 0,240 0,264
Ksw (M/min) 0,000@80 0,000@38 0,0000.0 0,00001 0,000000D | 0,0000001

Table5:base values of the parameters for the embankment, fluvial and foundation layers and the varéddes of the
parameters (+1%of the initial valua)sed in the OFAT analysis.

1 If we consider for example a sensity coefficient of 0,1 and a value Y(bj)=1 m, the difference between the output of the model with the varied
parameter and the output of the model with the base paramet@®rd wOQ & & ) is equal to 0,1 m which is a significative number in a pwp
distribution analysis.
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Figurel5: Sensitivity coefficient in time calculated in the chosen observation points (SP@Ifor the embankment layer; PZ1
17m for the aquifer lagr, MPB22,2m for the fluvial layer and TB4,9m for the foundation layer) changing a parameter at a
time of +1% of its valu¢OFATanalysi3g. Minutes on the xaxis are calculated from the initial time instant of the 2018 simulation
(12th November 2017), ee Figurel4.

5_2INVESTIGATIONNOHESIGNIFICANT DIGIOF THMODEL PARAMETERS

In Hydrus 2D the hydraulic input parameters coblkel set with adifferent number of digits after the
RSOAYIf LRAYIY VYO ROOSWARAISYa RAEGANAO POT N SRE
thirteen digits. The output values in terms of obsernhulated valuegPH or wchave 3 digits after the

comma and the optimized parameters in output (in the indirect probleoyld hae up tofive digits after

the comma. The set of base valugstial set of hydraulic parametersised in the present case study has 3
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digits after the comma and, as said before, it corresponds to the average values of the parameters as
obtained by laboratry tests (evaporation tests).

The sensitivity of the model equations and solver has been tested considering different values of the input
LI N} YSGSNE 6A0GK RAFFSNBYG ydzYoSNI 2F RAIAG BHGSNI
11 for K) for the embankment, fluvialrad foundation layersOne parameter at a timés changedand the
differences between the output and the base solution in the observation points of the samedsger
computed Due to the fact thathe optimized parametersobtained inthe calibration phasdfrom the
inverse analysid)ave 5 digits after the point, it is important to know the degree of sensitivity of the model

to changes of the parameter value after the third digit. We are interested to know if a direct simulation that
shows a change in theodirth or fifth digit with respect to the base value is significant. This aspect is
extremely interesting for the investigated case study because a number of performed indirect simulations
give in outputvalues ofthe optimized parameters that resulh a rarrow range close to the basalues,

some of them with just chargg in the fourth or fifth digit

In Table6 the values with which the simulations have been performed are reported. idpdssible to see,

the testedvalues are &ry close to the base values but with an increasing number of digits after the comma.
The observation points considered to compute the difference between output with pasgmeterand
output with the changed parameter are:

-MPS6MPC14,6m; MPS&PC4/m; T8 TC28m for the embankment layepfessurehead measurements)

-GS3aMPC12,4m; GS3MPC14,5m; GSEHBPCZ,1m for the embankment layer (water content
measurements)

-GS3MPB22,2m for the fluvial layer (water content measurements)
-MPS6SPB11,2m for the flwial layer (pressure head measurements)

-T8TB1, PZA0m for the foundation layer (pressure head measurements)

Table6: The table reports the base values of each hydraulic parameter and the varied parameter with an increasing nafmber
digits after the commaThese parameterare tested in order to investigate the significant number of digit to consider for each
parameter.

BASE TESTED VALUES
VALUES
h (1/m) | 0,850 h, 0,8504 | h,
“s() 0,397 ‘s ‘s
Km/min) | 0,00009 | K; 0,000094| K, 0,0000944| K; 0,00009444| K, 0,00009444
n() 1,304 Ny 1,3044 | ny 1,30444
“r(v) 0,004 ‘ry 0,0044 |‘r, 0,00444
- RwA ]
h 6 m| 0,250 h, h,
“s(-) 0,319 “a !
Km/min) | 0,00002 | K; 0,000024| K, 0,0000244| K; 0,00002444| K, 0,000024444
n) 1,284 Ny 1,2845 | ny 1,28455
‘r-) 0,001 “ NJ|0,0015 |° NJ|0,00155
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h o6m|0,117 g 0,1174 |h, 0,11744
"s(9) 0,424 ‘a 04244 |' @ |0,42444
K(m/min) | 0,0000001| K; 1,4E07 | K 1,44E07 | Ks 1,444E07 | K4 1,4444E07
n() 1,142 n; 1,1424 | n, 1,14244
‘() 0,001 ‘' NJ | 0,0014 |° NJ|0,00144

For each simulation, the difference between the outpdithe model with the changed pameter and the
output with the base vale is computed. In the table below the maximum and minimum differen¢as
terms of PHor wc)for each performedimulationare presented.

Table7: The table reportghe differences in terms oPH(m), wc (-) between the simulation with the base parameter and the
simulation with the varied parameter

hy h, Ky Ko Ks Ks Ny Ny NJ NS Tal A

Max | 0,009 0,004 0,153 | 0,174 | 0,016 | 0,016 | 0,010 | 0,009 | 0,006 | 0,015 | 0,016 | 0,016
PH | (m)
EMB | Min -0,005 -0,010 | -0,112| -0,128 | -0,023| -0,023 | -0,018 | -0,008 | -0,007 | -0,009 | -0,023 | -0,023
(m)

Max | 0,001 0,001 | 0,002 | 0,002 | 0,002 | 0,087 | 0,001 | 0,001 | 0,000 | 0,000 | 0,00 | 0,001
we | ()
EMB | Min 0,000 0,000 | -0,006] -0,008| -0,007| 0,013 | 0,000 | 0,000 | -0,001 | -0,001 | -0,001 | -0,001
()

Max | 0,001 0,001 | 0,002 | 0,002 | 0,002 | 0,002 | 0,001 | 0,001 | 0,001 | 0,000 | 0,000 | 0,000
we | ()
FLUV | Min -0,001 | -0,001 | -0,024| -0,024 | -0,024| -0,024 | 0,000 | 0,000 | -0,001 | -0,001 | -0,001 | -0,001
()

Max | 0,118 0,120 0,148 | 0,166 | 0,167 | 0,168 | 0,471 | 0,171 | 0,170 | 0,171 | 0,037 | 0,037
PH (m)
FLUV | Min -0,074 -0,054 | -0,316| -0,379| -0,354| -0,380| -0,380 | -0,380| -0,381| -0,347| -0,039 | -0,039
(m)

Max | 0,331 0,282 0,318 | 0,384 | 0,379 | 0,417 | 0,417 | 0,224 | 0,581 | 0,227 | 0,213 | 0,164
PH (m)
FOUND| Min -0,207 -0,143 | -1,758| -1,762| -1,741| -1,779| -1,778 | -0,200| -0,235| -0,355| -0,198 | -0,169
(m)

The bar diagram (tornado plot) is a powerful tool in deterministmsitivity analysis to compare the
relative importance of variables. It shows for each simulation the lower and higher value of the difference
between base line outpufoutput with base parameterpnd the output with the changedparameter

0 1% JIKy, Ko, K, Ky,ng, X 13 “BLEAS). At shows in an effective way the parameters that contribute the most

to the variability of the outcome, reporting graphically the information provided@able?.

As it is possible to niwe in Figurel6, the parameterK is the one that drives the largest impact on the

output, changes of the decimeter order are reported for the pressure head dataset of the embankment
(~0,2m) and fluvial layers (~0,4m ) while chesmgf the meter order (~ 1,7m) for the foundation layer. For

the water content dataset, variation of thi€ parameter produces changes of the order 0,d0Q87 () for

the fluvial layer and 0,000,024 ¢) for the foundation layer. Relevant changes are db¥el 6 t S | f a2 F
0KS SYolylYSyid tF&@SNJ o6t | RFEGFASGO S6AGK YIFEAYdzy F
dataset) with maximum difference ~ 0,1 m and in the foundation layer (PH dataset) with maximum
differences of 0,30 mand 0,60fartheh | YR * NJ LJ NI} YSGSNE NBALISOGA DS &c
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Figure 16: Tornado plot representing the max and min differences between the outmft the simulation using the base
parameter and the vaied parameter (13 51Ky, Ko, Kg,Ky,n,n% 13 NBIPAY) &

An analytical method to assess the sensitivity of a system of parameters on the model output uses
sensitivity indices. For the investigated case study the sensitivity ind&owfes et a(2017), developed

from the work ofSaraiva et al2017), is proposel. The method is applied to system output values atd

by oneat-a-time-measuresThe difference between output value and the base solution are calculated for
each parameter of the system then a normalization is applied. The proposed method is aligatieraof

the method of sum of differences. Thisedsensitivity index has the following formulation:

-B
B -B

Yo

Wherect cis the number of onat-a-time measures of the parametezXx QD A a
(i KS gedrfotddelith Mehsuré 6f YD OE A &

YRQQ A a

[equation 18]

idKS
G20l f

AYRSE 27

0dKS Yy dzY 6 S NJ

Y2RSt cRYRA #Q0 KS ddblasdhe sedsitidindzefYdy are/summarized for each family
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of simulations (PH_embankmentc_embankment,wc fluvial, PH_fludl, PH_foundation). The index is

able to show numerically the impact on the model outpfitan increasing number of digit after the comma

in the values of the adopted parameter$o help visualize this concet chromatic scale from yellow
(lowest sensitrity) to orange (highest sensitivity) is appliedTable8. As it is possible to noticthe h
parameter is the one that shasthe lowest impact in eactayerii 2 3SG KSNJ g A G K.QhkhE * NJ
contrary the saturated permeabilitf shows a relevant impact on the model outgatfactchanges even in

the ninth-eleventhdigit after the comma coudl producenon-negligiblechangesn the simulation results.

Table8: The table reports the maxalue of the sensitivity coefficienfound for each layer (embankment, fluvial, foundatign
using a PH dataset or a wc dataset

PH_emb
(m)

wc_emb() | 0,001 | 0,002
we_fluv(-) | 0,002 | 0,004
PH_fluv(m) | 0,008 | 0,007

I(DH)_found 0,015 0,067 | 0,055
m

0,051 0,051 | 0,025

5_3 PRELIMINARY CONLUSIONS AND FURTHER STUDIES

The geomeaty of the embankment sectiomlong Secchia Rivdras beeninvestigated by means of a
topographic surveythen the spatial points have been imported in the Hyd2I3 programas coordinates
X,y. The resulting domain is 90m wide and 48, high(seeFigure9). N°21 doservation pointshave been
positionedin the model sectionwhere sensors have been installed in the bank bddye upper boundary
of the model section is an atmospheric boundary definedlata in time (every 30 rim) of precipitation,
evaporation and transpirationThe evapédranspiration contribution has been computed using the free
source program CRITERIA déveloped by ARRANn algorithm which approximates physical processes
through simplified schemesThis simple modelling approach is mandatory in the investigated case study
due to the lack othe necessary parametefso compute the actual evaptranspiration contribution from
the potential contribution elaborated using th®enmanMonteith method (Penman,1949;Monteith,
1965) for a more accurate representation of the phenomendine lower boundary of the modé a no
flux boundary,while on the left side the hydrographic level monitored bystaeam gauge at Ponte
Bacchiellois imposedby means of pressure hda(m) data in time. To the right edge of the model, a
constant head boundary condition is appliedrepresent the faifield water table.In order to individuate
the best mesh sizéo discretize the modelthe resultsin terms of pressure heath the secton passing
through the embankment crest have beaompared using a meshdimensionfrom 2m to Q3m. A
dimension of 1m guarantees the almost perfect coincidence withUhidre accurat® $olution obtained
with a mesh sizef 0,3m, and in close proximity tdhe observation poirg and close to theatmospheric
boundary codition, the mesh has been refined up to 0,3m order to ease the computation where the
majority of the numerical problem complexitieare expected(see Figure 11). The optimal horizontal
dimension of the model has been tested in order to individuate the minimal extenditimearight edge
which guaranteesi KS WQY 2 NBE I £(sOakibiredi2SFigérel ). dridithedsion of 100 m from the
axis origin (center of the river bed) has been individuated as the optimal lemer. different hydraulic
models have been used to simulate t28172019 hydrometric river water heigtst successionn the
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investigated sectionthe VanGenutchen model (VGM), théan Genutchen model considering air entry
value of-2cm(VGM2cm), the Van Genutchen model considering the hysteretic behavidMGM)andthe

van Genghten-Mualem model incorporating hysteresis and tH&cm air entryvalue HVGM2cm). The
adopted hydraulic parameters of the SWRC models are the average values of the parameters obtained by
laboratory tests The period from 30 January 2017 to 1Ll November 2017 has been simulated and
calibrated in order tause the pwp distribtion of the last instant of the simulatioas initial conditiongor

the simulation of the2018 period (12 November 2017 to 23 June 2018)2018 period has a greater
relevance for theaddressed geotechnical problecomparedto the 2017 period due to thgreater number

of flood peaksregisteredand their persistence in timgsee Figure 14). The initial conditions for the
simulation of the 2017 period have been obtained using the monitoring offatiae first day of simulatioim

the observation pointand considering linear interpolation of the pressure head values in the remaining
points. A sensitivity analysis of the hydraulic parameters of the wetting and drying curves has been
performed in order to individuate the most releviaoneson whom the calibration has to focushe OFAT
methodology has been applid@imunek et al1998, Abbasi (2015))one hydraulic parameter at a time is
varied of +£1% with respect to the inil value and the sensitivity coefficient is measure@ach layerof

the modelin order to investigatehe localresponse to parameter changkooking closely to the results
increasing thevalue of the hydrauligparameters of +1%with respect to the base valugjt has been
observed thaty = ‘th& entbd@kment layeshow the highst sensitivity with peaks icorrespondence of
floods D and ((seeFigurel4) while in the remaining simulation peridtie sensitivity is low or close to
zero. For what concerns the flailayer n,* @ndh show ahigh sensitivity which is zero in the rest of the
simulation periodAs expeted the saturated permeabilitpf the aquifer layer is the only sensitive hydraulic
parameter In the foundation layer, a significa sensitivity is egistered for all the hydraulic parameters
during the whole investigated periodexpecially the n parameter has a relevgmeak of sasitivity in
correspondence dfiood C.For what concerns the parameters of the wetting curve, their sensitivityuish
lower compared to the on®f the drying curveand peaks are observed for the fluvial amehbankment
layers in correspondenceof the floods C and G, while for the foundation layer thensitivity is more
homogeneous eer the whole simulation periodseeFigurel5). Inverse analysis gives in outplydraulic
parameters in some casesranged in a very narrow range around the base values (initial guess of the
parameters)lt is interesting at this stage to understand if it is signifid@ntonsider changes in ththird-

fifth digit after the comma for parameters NE ‘ and in yhEfifthheleventh digit for the saturated
permeabilityin the different layersTo investigate this aspect, a computation of the differences in terms of
PH and wdas been performedand the sensitivity coefficient proposed by Saraivalg2017) and Gomes

et al (2017)has been usethetween the simulation with the base parameter and the simulation with the
changed parametefor every hydraulic parameter and for every layBarameters are changaging an
increasing number of digitafter the commalt has been observed that the saturated permeability is the
parameterto whom variations the modebutput is more sensible(up to the eleventh digitafter the
commg for all the investigated layersvhileh |y Rve & [N (d€ Izery low)sensitiviyy. We understand
that when dealing with the saturated permeabiliy the saturated water content andthe shape factor

n, it is always suggested to consideen the minimal variation with respect to the iiait parametewvalue

In the following chapterthe statistical comparison between direct simulations usfiogr different
hydraulic modelfVGM, HVGM, VGigcm, HVGM2cm) has been presentedQualitative and quantitative
methods have beensed for this purpseand pros and cons of each technique have been highlighted
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Afterwards, the analysis has been concentrated expecially on the, Whhh is the simpler model among
the adopted onesand the one that requires the lower number of parametefhe quantitatie analysis of
the performance has been carried oah the single observation poirtb investigate locally the model
performance(in the single layer)globally using the whole set of observation points, aoddivided on the
single peak and offeak period in order to investigate the model performance in certain pesad the
simulation more interesting for our purposesMoreover the performance of the VGM has been
investigated using differentatasds of observation point (wc, PH and wc+PHhe last parof chapter 6
focuses orthe different typologiesof measurements errors that could influence the dataset of observation
points (measurement error, sensor accuraagtirument calibration etc).

6 STATISTICAL COMPARISON BETWIRHCT SIMULATIONS

6_1 STAISTICAL COMPARISON OF THE PERFORMANCE OF DIFFERENT HYDRAL
MODELS

In the present chapter a comparison betwedinect simulations of the 2018 periqd2" November, 2017

to 23 June 2018)singfour different hydraulicnodekis presented. The chosen hydlic models are the
following: the van Genchten model YGM), the van Genghten model considering the hysteretic
behaviour HVGMN), the van Genghten model imposing an agntry value of-2cm {/GM2cm); the van
Genuwchten model considering the hysteretiebaviour and an aientry value of-2cm (HVGM2cm). The

four different hydraulic models available in Hydrus library have been presented extensiveigpters

82 3;82_4 and82_5of the present thesisThe simulations differ from one another only for thgdraulic
model, no other changes are introduced for example in the boundary conditions, initial conditions,
discretization of the domain etc..

In Table9 the initial parameters datasets uséakr the four chosenhydraulic nodels are reported.

Fluvial layer | 0,0005 | 0,319| 0,251| 1,284| 0,0000276 | 0,5| 0,3191| 0,287 | 0,50 | 0,0000276

IFoundation 0,001 | 0,424 0,118 1,142| 0,000000198 0,5 | 0,4241| 0,382 | 0,24 | 0,000000198
ayer

iAgrarian 0,00005| 0,366| 0,161| 1,307| 0,000027 | 0,5]0,3662| 0,330| 0,32 | 0,000027
ayer

Aquifer layer | 0,01 0,43 | 0,200| 1,200| 0,00009 | 0,5|0,4301| 0,387 | 0,40 0,00009

Subsoil layer | 0,00 0,43 | 0,200 1,200| 0,000000078 0,5 | 0,4301| 0,387 | 0,40 | 0,000000078

IEmbankment 0,004 |0,397| 0,850 1,304 0,00009 05 0,3975| 0,357 | 1,70 0,00009
ayer

Fluvial layer | 0,0005 | 0,319 0,251 1,284| 0,0000276

IFoundation 0,001 |0,424| 0,118 1,142| 0,000000198
ayer

iAgrarian 0,00005| 0,366 | 0,161 | 1,307| 0,000027
ayer

Aquifer layer | 0,01 0,43 | 0,200| 1,200| 0,00009

Subsoil layer | 0,00 0,43 | 0,200 1,200| 0,000000078

Embankment| (0,004 | 0,397| 0,850| 1,304| 0,00009




Table9: Set of parameters used in the four chosen hydraulic models (VGM, HVGM,-2&M HVGM2cm)

For each layer, observation poirase chosenwhere rdiable sensors monitoring theater content {(vc) or
pressure headPH are available in situ. The chosen sensors are sufficient to give to the modeller enough
information on the pwp distributionrmap in time of the investigated bank sectionn chapter86 2, to
evaluate the performance of direct simulationsnly a small par{7 sensors)f the availableinstalled
sensorshasbeen usedA larger number of sensors will be used in chagr2 to investigate in detail the
performance of the direct simulan that uses the VGM, whilda¢ whole set of sensors will be used in the
calibration phaseto perform the inverse analysis and to evaluate the perfongce of each indirect
simulation

In particular, he sevenobservation pointchosenfor the presentchager are the following:

1 For the embankment layer: MPSBIPC14,6 m, MPS&PCI/m (pore pressure measurements),
GS3MPCH4,5m and GS$PCZ,1 m (water content measurements).

9 For the foundation layer: T8B14,9m (pore pressure measuremaht No sensorsfor the water
content monitoringare available in the foundation layer.

9 Forthe fluvial layer: GSBIPB22,2m (water content measurements). sensomonitoring the pore
pressure has been installed in the fluvial layer (MPS6_SPB1_1,2m) but the aufieos joreot use
these data in this phase because a strong influence of the etrapepirative processes is detected
at this depthand, for this reasonthe use ofdifferent hydraulic models affesonly marginally this
observation point.

9 For the aquikr layer: PZAl7 m (pore pressure measurements). Nensorfor water content
monitoringis available in the aquifer layer.

In Figure 17, seven graphs, one for each selected observation paird presated. In eachgraph the
observed data are compared to the simulated data for each of the four hydraulic enddseit is possible to
observe:

1 The mode$ reproducesatisfactorilyMPS6SPC1 7,0m (embankment),-TBX4,9m (foundation),
PZ117m (ayuifer) following the peaks and the trend of the observation measurermeftvery low
bias is observed for these observation poif?S6SPC47,0m despite an initial conditiofar from
the one observed in situ, in time showed a reduction of the influence of tiialiconditiors and a
recovery of the experimental trend.

1 The modek reprodue relatively well GS3SPCZ,1m andGS3MPB22,2m dataset and the bias
between observed and simulated data is dueatoot perfectmatchwith the initial observedwater
content while the overall trend in time is followedhe influence of the initial conditiordoes not
seemto reduce in time.

1 For what concerns GSBIPC14,5m (embankment) and MPSGPC14,6m (embankment), the
modek seento be regponsive to the seventh flood difie 2018 period (period 15820093000nin,
from 1/03/201826/03/2018, duration~5 days), showing a very steep increase both in pore
pressure andn water content at the same depth (4,5 rthat is not observed in the in situ ata.
The embankment seems less responsive to external hydraulic stintlllrespect tothe simulated
behaviour of the model.

1 All the onsidered hydraulic models shoamost thesame simulation trensifor the investigated
observation pointgsame peks, same curve decay etdhe differences between the simulation
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trends of models VGMHWGM, VGM2cm are extremely reduced while HV&dm shows the
greatest differences.

In Figue 18, observed data ¢axig versus simulated data -@xis) represent the scatter of the data points
around the line of perfect agreement (1:Ihis is another interesting way to look at the same information
reported inFigurel?. As could be obseed T8TB14,9m, PZ417m, MPS&PCZ/m present an acceptable
scattering from the best fit (45° black line) while MREBC14,6m and GS8IPB22,2m show a constant
underestimation of the data and G38C14,5m an overestimatioof the observed data

What hagust beenexposeds the standardjualitative procedure adopted to compare graphically different
simulations or verify a trial and error calibration proceduut, as could be seenroim a graphical
comparison, it is extremely difficult to quaftithe performance of a group aimulations(that use for
example different hydraulic modelg)r the performance ofa model with respectto different in situ
observations.
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Figure17: Comparison between the observed datasdildck points) and the simulated datasatsing four different hydraulic

models (VGM,HVGM,VGM2cm, HVGM2cm) in the considered? observation points(MPS6_MPC1 _4,6m; MPS6_SPC1 7m;
GS3_MPC1_4,5m; GS3_SPC2_7,1m; T8 TB1_4,9m; GS3_MPB2_2,2m, PZ1_17m)
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Figure 18: Graphs representing the scattering of the data points observahulated around the best fit line (1:1df the four
considered hydraulic models

Figurel7 and Figue 18 show reduced differences in terms of pressure head aater content between

the different hydraulic models. At this stage, an effort will be made to understand the entity of those
differences in order to understand if an increase in the caxity of the model passing from a VG#ith 6
parameters to an hysteretic model with 10 hydraulic parameters could be meaningful and defiratie
purposes

In Table10 the maximumdeviations(in the positive and negativeange)between the VGM (taken as the
reference) and thether consideredhydraulic moded (HVGM, VGM2cm; HVGM2cm) are presentedThe
hydraulic model HVYGMcm shows the highest differencés almost allthe selected pointswhile HVGM
and VGM2cm show relevant changes only ithe observation poirg PZX17 m (subsoil layer)and
T8 _TB1 4,9rffluvial layefberm). HYGM seems to respond quite differently in the bedflavial layer)with
respect to the VGM while the response in the embankment layatmostthe same.Tablel10 is able to
underline the entity of the maximum differences between the different hydraulic modelsthides not
giveinformation in which temporal instants of the simulation those differences are recbrde
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HVGM- VGM V@V-2cm- VGM HVGM2cm- VGM
PZ1_17m (m) 0,429-0,940 0,149/-0,124 0,580-0,749
T8_TE_4,9m (m) 0,159-0,583 0,044/-0,085 0,140-3,355
MPS6_MPC1_4,6 m (] 0,004-0,002 0,002-0,03 -0,004-0,482
MPS6_SPC1_7m (m) 0,023-0,005 0,007-0,04 0,252-0,210
GS3_MPB2_2,2 m)( 0,002-0,001 0,007-0,001 0,020-0,005
GS3_MPC1_4,5m)( 0,007-0,001 0,007-0,001 0,000-0,009
GS3 SPC2_7,1m 0,007-0,001 0,007-0,002 0,012-0,009

Table10: Maximum deviations registerd during the investigated period (2018) between the VGM (taken as reference) and the
considered hydraulic models (HVGM, VGMm, HYGM2cm).In red the valueghat show thehighestdifferences between the
VGM and the other hydraulic models.

Adopting the hysteretic models (HVGM or HV@km) instead of the VGM or VGRtm could be
considered relevant (despite the higher calculation time, the convergence problems and the higher number
of parameters to be properly calibrated) if relevant changes detected during the major flood events
(longlasting high river water level).

It is interesting, at this stage, to understand when the major differences are observed between the
hysteretic (HVGM) and nemysteretic model (VGM) during the period under istigation and give a
possible explanatiorof it. The same differences could Beund for the hysteretic model(HVGM2cm)
compared to the norhysteretic model (VGMcm)but resultsare not shown herdor reason of brevity

Contrary to what could bexpected, theinclusion of the hysteretic effesprovide just limited changes in
the embankmentbehaviour(as could be observed ifable10) while greater changes are detected for the
fluvial layer (berm) The explanation auld be foundin Liu et al(2015) that tested numerically an
embankment under simplified sinusoidal variatioof water level adopting a nehysteretic model and a
hysteretic model.lt has been noted thathte duration of a flood eventis a factor affecting greatly the
hystereticbehaviourof a river embankment. In faét the periodof the floodis small compared to the
permeability of the embankment, volumetric water content and pore pressure changes ittivéirhe to
propagate and their variatiaare imited to very small rangest we compare the water level fluctuation
(in m asl) and the deviation in the response of the HYGM compared to W&KREe obseration points (see
Figurel9), it isclearthat the greatest variations are detectedin correspondence of the third floo@ (period
3500060000 min6/12/17 to 23/12/2017 duration ~17day9, the fifth floodE(period 116400139650nin,
31/01/18 to 16/02/18, duration ~16 days)seventh floodG (period 158200193000 min, 22/02/18 to
26/03/18, duration~24 daysand eighth flood H (period 1979706238140,29/03/18 to 26/04/18, duration
~28 days ).

A part from the subsothat is a very deep laydPZ1 17m)the most relevant differences are observed for
the fluvial layer (bem) as already highlighted ifiable 10 because the hydraulic stimuli affect earlier this
area and here they are more persistent in time (with respect to the embankment la¥atiations in pore
pressure due to hysteti behaviour have to be considered when computed for stability analysis because
the factor of safety (FOS) is always overestimaie nonhysteretic models leading to potentially
dangeroussituations (Liu et aR015).

In Tablell a quantification of the performance of the HYGM compared to the VGM is presented by means
of a set of metricgduring the flood periods highlighted iRigure19: floods C; E and ,FG, H. Focus the
attention from the wiole simulation period to discrete temporal intervals could be extremely useful in
order to investigate the model performance in interesting time pesiéor the purpose of the analysis.
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Accuracy metrics (MBE, MAE, RMST, afficiency metrics (NSE, IA, B34, NSE, IAqZ L ! Saiistidaly’ R
significance criteria (palue)are chosen as indice$he chosery observation points are the same used in
Table 10 and Figure 19 (MPS6_MPC1 46 MPS6_SPC1 7m, GS3 _MPC1l_4,5m; GS3_SPC2 7,1m;
T8_TB1 4,9m; GS3_MPB2_2,2m; PZ1_1ARei) could be easily read comparing the values of the indices

to the best fit (2% column), the HVGM shows a better performance compared to VGM for the flood periods
C, Eand F, H. The differences between the indices of the two models are redsceduld be read also in
Figurel9. The general performance of both tievestigatednodels issatisfactory

A set of metrics/indicegould be ued alsoto give a quantitative comparison of the differenciesthe
observation points of the berphighlighted qualitatively irFigurel9, between the VGM and HVGIgee
Tablel2). In some asesit is interestingto investigate the behaviour of the simulatidocally in particular
observation points instead otonsidering the behaviour of the simulation on the whole group of
observation pointsThis allows to have a more refined investigatadrthe model performance in particular
zones of the domain whose problancould not be highlighted facinthe simulation globally instead of
locally. The chosen observation points are localized in the béféh TB1_4,9m (PH) a@&iS3_MPB2_2,2m
(wc). Companmg the values of the metrics with the best fit'{2olumn) it is clear that the HVGM is able to
reproduce better the pwp and the wc distributisin the fluvial layer (berm)as we could expect. These
differences, as highlighted multiple times, are snimit significant because detected in tmeost relevant
time periods of the analysigmajor flood peaks).
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Figurel9: In the top chart the river water height (m a.s\)stime with indication of the flood events using lettersom A to N.In
the chartin the centrethe differences (in terms of pressure head (m)) between the VGM and HVGM in the observation points
MPS6MPC14,6m; T8TB14,9m, MPSE&SPCIZ/m and PZ417m. In the bottom chart the differences (in terms of water comnt)
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between the VGM and HVGM in the observation points MPB2_2,2m; MPC1_4,5m; SPC2A/réchdashed line highlights the

temporal periods in which greater differences arednd between the twoconsideredhydraulic models.

BEST FIT C EF G H c EF G H

MBE 0 -0,749 | -0,1%5 -0,151 -0,209 -0,691 -0,18 -0,19 -0,20
MAE 0 1,216 0,434 0,572 0,453 1,178 0,40 0,57 0,441
RMSE 0 1,611 0,546 0,745 0,510 1,587 0,525 0,758 0,499
R 1 0,898 0,9% 0,987 0,994 0,8% 0,98 0,98 0,994
NSE 1 0,8% 0,9 0,971 0,985 0,839 0,980 0,970 0,986
IA 1 0,963 0,995 0,994 0,997 0,963 0,995 0,993 0,997
NSEel 1 0,666 0,850 0,960 0,977 0,677 0,854 0,960 0,977
|Arel 1 0,924 0,966 0,991 0,9% 0,927 0,966 0,991 0,995
LI Q 1 0,827 0,9% 0,929 0,937 0,833 0,938 0,928 0,939
NSEj 1 0,654 0,867 0,858 0,875 0,666 0,876 0,857 0,878
IA]j 1 0,836 0,9% 0,932 0,93 0,841 0,938 0,931 0,941
p_value >0,05 0,070 0,605 0,612 0,280 0,093 0,655 0,5% 0,298

Tablel1 Set of metrics used to compare the behavioaf the VGM and HVGM during the major flood periods (flood &,E5, H).
The chosen observation points are the same usedrigurel.

Table12 Set of metrics used to compare the behaviour of the VGM and HVGM in the olbserv points located in the berm
(T8_TB1_4,9m (PH); GS3_MPB2_2,2m (wc)).

BEST FIT VGM HVGM VGM HVGM

MBE 0 -0,8709 -0,8540 0,0788 0,0788
MAE 0 1,0072 0,9915 0,0788 0,0788
RMSE 0 1,2171 1,2079 0,0790 0,0791
R 1 0,8434 0,8690 0,7741 0,7768
NSE 1 0,5783 0,5847 -41,240 -41,296
IA 1 0,8633 0,8652 0,2028 0,2028
NSkel 1 -3,156 -3,055 -41,013 -41,073
|Arel 1 -0,3469 -0,316 0,2071 0,2071
L! Q 1 0,6398 0,6455 -3,6151 -3,6184
NSE] 1 0,2797 0,2909 -8,2301 -8,2368
1A 1 0,5855 0,5906 0,0978 0,0977
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DATASET: PH DATASET :wc
BEST FITT  VGM VGM2cm HVGM2cm HVGM VGM VGM2cm H;’CGmM HVGM
MBE 0 -0,129 -0,822 -0,822 -0,124 | -0,005 | -0,005 | 0,0008 | -0,005
MAE 0 0,523 1,721 1,721 0,518 0,048 0,048 0,048 0,048
RMSE 0 0,738 2,035 2,035 0,733 0,055 0,055 0,054 0,055
R 1 0,895 0,606 0,610 0,896 0,378 0,379 0,396 0,377
NSE 1 0,844 -0,181 -0,181 0,846 0,250 0,252 0,258 0,249
1A 1 0,966 0,399 0,399 0,966 0,676 0,677 0,702 0,676
NSErel 1 0,323 0,774 0,774 0,339 0,357 0,359 0,373 0,356
1Arel 1 0,852 0,885 0,885 0,855 0,722 0,723 0,748 0,722
LI Q 1 0,811 0,377 0,377 0,813 0,569 0,569 0,564 0,568
NSEj 1 0,622 -0,245 -0,245 0,625 0,138 0,139 0,128 0,137
1A]j 1 0,834 0,252 0,252 0,836 0,472 0473 0,486 0,471
AlQ 1 1,01 1,92 1,92 1,00 1,159 1,160 1,163 1,158
AICmin
BICQ 1 1,01 1,92 1,92 1,00 1,157 1,159 1,162 1,157
BICmin
HQC/ 1 1,01 1,92 1,92 1,00 1,158 1,160 1,163 1,158
HQCmin
p_value >0,05 0,25 1,2e172 | 1,2e-172 040 1395 | 2,5e05 | 0,5 1,4E5

Table13: Set of metrics applied to compare the performance of the different hydraulic models (VGM, HVGM.-2BMHVGM
2cm) and the different datasets (Pk\c) applied to thesimulation of the 2018 period.

In Tablel3 a set of metrics has been used in order to give an objective evaluation of models performance
for a direct comparison.Metrics have been calculated for each different hydraulic modeMYBVGM,
HVGM2cm, VGM2cm) and using different datasetof observation points: a PH datasdPZ1 17m;

TB1 4,9m; MPC1_4,6m; SPC1, MRPC3_6,2nanda wc dataset (MPB2_2,2m; MPC1 _4,5m; SPC2,7,1m
MPC1 _2,4m The same observation poingse used forFigurel7, Figue 18 and Figure19 of the present
chapter.

For what concerns the error metrics B, MAE, RMSE), the greater bias betaiogthe VGM-2cm and
HVGM2cmfor a PH datasewhile the water content dataseshows amalmost homogeneous behavioin

all the fourconsideredmnodels.The comparison between water content dataset and pressure head dataset
reveals that the accuracy metrics Bd, MAE, RMSEhowsmaller errorvalueswhen calculated on a water
content dataset compared tthe values obtained foa pressure head datasethis is easily explained by
the fact that MBE, MAE, RMSE have the same units of the input data (measured and simulated data) and
water ontent and pressuréhead differby one order of magnitude.For this reason, it is not possible a
direct comparison between datasets with differamit of measureusing MBE, MAE,RMSE without @rior
proper normalization(as performed for the calibratiomprogramme in chapter 87 according to the
normalization proposed in chapter 82_7_2. As could be observed BE has the lowedlispersion due to

the logical fact that the residuals keep their sigasd could baherefore cancel ojtwhile MAE and RMSE
are always sum of posit errors.

RMSEf the PH dataseshows a larger error compared to MAE because errors are squared in RMSE before
being averaged. RMSE varies with the square root of the number of errors (n), with the variability of the
error magnitudes within the datasetnd with the magnitude of the averaged errors (as MAE). This metric
gives an higher weight to large errors and for this reason, MAE could be considered a more natural
measure of the average error in order to avoid unrealistic model prediction assessniigat et al,
2016). Despite the higher errandicated by RMSE metric for the PH datase¢ low value of NBE and

MAE conceals the simulation inaccuracies. Fadhthis comesthe necessityto consider more than one
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accuracymetric at a time. One bthe main limis of MAE and RMSE is the lack of indication of the error
direction, which is given on the contrary byBE. This limitation could be ignored if the focus of the analysis
is on the magnitude of the error and not on its directiérom thevalues ofthe accuracy errorg) Tablel3,

it is possible to state that all the considered models show a good performanite investigated 2018
period.

The coefficient of determinatio® communicates analogous informatiaf the accuracymetrics with a

value close 100,38 for the water content datasef{performance non acceptabl@nd close to @9 for the

PH datasetDespitethe good behaviour shown in the present case stutis stronglysuggested to not use

R as the aly indicator for simulation evaluation because it only quantifies the dispersion between the
dataset values but it has been demonstrated that if the model systematically over or under predict all the
times, the result of this metric could be very closelt@ven if all predictions armcorrect (Krause et al,
2005). Moreover R is over sensitive to extreme values and insensitive to additive and proportional
differences between observesimulateddata (Legates and McCabe, 1999).

The efficiency criteria shwo a very good general fit between observed and simulated dasasgh error
values extremely low (efficiency metrics close to the bestTitle larger error shown bMSE, in Table13
for both the types of datasefwith respects to the other efficiency metrics) reflethe wide differences
between measured and simulatethtain certain times of the simulation, but the use of relative deviations
are able to reduce the influence tiie absolute differences between measursinulated This is due to
the sensitivity of NS&to large variations in value®r which a higher weightings assumegdwhile small
divergences are neglected. In other words, larger errors are emphasized while small errors nedleeted
negative valuef NSEnd NSEobtained forthe pore pressure dataset sha@m high under prediction of the
modek that is not confirmed from the otheefficiency metrics valuesThe behaviar of the remaining
efficiencycriteria (IA, L '1AD) is homogeneous: lower effiency for thewater contentdatasetwith small
differences between thenydraulic models greater value of efficiency for thpressure headdatasetin
particular for the VGM and HVGM

The model selection criteria AKICmin BIZBICmin HQC/HQCminare particularly usefulto perform a
probabilistic selection of the best model among many. These metrics are able to take into consideration the
model performance on the training dataset and the complexity of the model (humber of parameters). The
best fitfor the model criteria is 1 and the best model is the one that get closdrddest fit. For both the
datasets (wc andH, the VGM and HVGM are the models with thestagerformance according to the
model selection criteria.

The level of statistical significee pvalue could be used to investigate the significance of two independent
variablesor datasets The assumedhull hypothesis is thathe two variables/databases are dependent and
belongto the same family (no statistical difference). If therglue is lelow the significance level 0,05, the
null hypothesis is rejected. Looking at theyglues inTablel3, the HYGM2cm is the only model that does
not reject the null hypothesifor the wc dataset while VGM and HVGM for thé dataset

The combined usef all these metrics together, each of them with its pros and cons, assures a good
objective assessment of the closeness of the simulated behaviour to the observed datadeat allows
also comparingquantitatively different models From the comparison betweerhydraulic modelVGM.
HVGM. VGM2cm, HVGM2cm) under the sime observatiordataset (PH owvc) through thesameset of
metrics inTablel3, it is possible to observe th#he VGM and HVGMhowthe best performancédor a PH
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datasetwhile VGM2cm and HVGMcmfor a wc datase{better agreement between observesimulated
data).

In the followingchapter86_2, the attention will be focused on the VGIb&cause it is a simple butliable
model implemented in Hydrus that requires a kemnumber of parameterscompared to the models
considering thesoil hysteretic behaviourThe statistical analysis performed in chap§r 2 and proposed

for the VGM by way of example, could be apglin the same way for the remaining hydraulic models.
While in subchapteB6_1 a restricted number abbservation points (7) has been used in order to facilitate
the comparison between the different hydraulic models, in subcha@érl an higher number of
observation points has been used in order to perform adeépth analysis of the performance of tM&GM.

6_2 STATISTICAL ANALYSIS OF THE PERFORMANCE OF THE VGM

The analysis of the simulatiqrerformanceof the VGMpresented inthe previous chapteg6 1, Table13
has beerperformedconsideringa restricted number ofensors of the same typolodP?H or wclogether.
This allowshavinga general overview o the performance of the modéeh the domain of mterest When
comparing different models, as done Tiablel13, it is recommended to use a restricted number of sensors
on whose readings the modeller hagyh confidence andin case to choose a restricted set of metrics
tested in advance on similar datasets. All this to avoid confusion and disorientatiomy theenormous
amount of obtained dataOnce the modeller chooses the best simulatanmong many a more indepth
investigation could be performeaoh the selected one

The chosen observation points are the following:

-wc dataset embankment layer: GS3_SPC2_7,1m; GS3_MPC1_2,4m; GS3_MPC1 4,5m; GS3_MPC3_6,4m
-PH dataset embankment layer: MPS6_MPC1 _4,6m; GS3_MPC3 6,2m; MPS6_SPC1 7m, T8 TC2 8m
-PH dataset foundation layef8_TB1 4,9m; MPS6_MPB2 2,7m; PZ2_10m

-wc dataset fluvial layer: GS3_MPB2_2,2m.

-PH dataset aquifer layer: PZ1 _17m.

In Table14 the overall performance of the VGM on the whole investigated time period (3@88) has

been pesented usinghe new setof observation pointsAs could be observedhe VGM has an excellent
performancein the simulation of the pwp distribution in time, with values of the metrics in all cases very
close to the best fit. This suggests that the alitlataset of the hydraulic parametersbtained as average
values of the laboratory parameters, is well representative of the in situ soil properties. We can expect that
the calibration process is not going to enhance greatly the performance of the siomuia terms of
pressure head, while huge room for improvement is posditiehe simulation in terms of wdn fact the
chosen metrics suggest a poor performance of the simulation in terms of water content distribution in the
investigated section, witkraluesof the indices in most of the casbslow acceptability.

In some cases it is interesting to focus the attention on the performance of the single sensors in order to
individuate possible localized problems such as inaccurate description of the pkaaom certain layers

or zones of the domainin Tablel5 a set of metrics is applied to single observation pelotated in the
embankment layer, half of them are sensors monitoring the pwp, the other half sensors miogitbe wc.

99



For what concerns the PH sensors, the simulation shows a good performance for almost all the considered
observation points, in agreement with what has been found ablel4. An exception is the observation
point MPS6MPC14,6m that showsvalues of the efficiency metrics less than zdtas commonly known

that values of efficiency metrics below O are undesirable since they imply that the mean of the observed
system output is a better predictor then the mod#delf. In Figurel7, it is possible to observe that the
simulated trendof MPSEBMPC14,6m shows ahigher responsivity to hydraulic stimuwlith respect to the
observed trendThe simulation of the behaviour of the obsatwn points (type wc) is poor as highlighted
previously inTablel5. Here as well, the values of the efficiency metrics are close to 0 or below zero, while
the valles of the accuracy metrics are close to the bedbditaise in the same unit of measurement of the

wc dataset(values between 0 and 1)t is interesting to stresshat the coefficient of determination R
shows values close to the best fit (1) for the wc observation poil8sveral reasorcould lead to an
overestimation of the coefficient of determinaticas aproblem of model overfittingriodel is too complex

to be described by the dataset of observat®iiBabyak, 2004)It is important to remember that Ris
always a biased estimator (& systematically too high or Igvand for this reason, it is recommend#tk

use of this index together with others.

Tablel14: Set of metricsappliedto the direct s

BEST FIT| PHdataset BEST FIT| wc dataset
MBE 0 -0,279 MBE 0 -0,013
MAE 0 0,528 MAE 0 0,047
RMSE 0 0,770 RMSE 0 0,053
R 1 0,954 R 1 0,244
NSE 1 0,939 NSE 1 0,150
1A 1 0,986 1A 1 0,653
NSE, 1 0,782 NSE, 1 0,250
1Al 1 0,949 1Al 1 0,693
L! Q 1 0,893 L! Q 1 0,503
NSE 1 0,785 NSE 1 0,007
IA 1 0,894 IA 1 0,430

terms of pressure head and water content.

VGM | BEST MPS6 MPS6 MPS6 T8 GS3 GS3 GS3 GS3
FIT MPC1 MPC3 SPC1 TC2 MPC1 MPC1 MPC3 SPC2
4,6m 6,2 m 7,0 m 8,0 m 2,4 m 45m 6,4 m 7,1 m
(Emb_PH | (Emb_PH | (Emb_PH | (Emb_PH | (Emb_wg (Emb_wc) (Emb_wc) (Emb_wc)
MBE 0 0,353 0,248 -0,107 -0,448 0,001 -0,030 -0,044 -0,0683
MAE 0 0,363 0,313 0,194 0,448 0,012 0,03 0,044 0,063
RMSE| O 0,3% 0,38 | 0,234 0,507 0,014 0,03 0,044 0,064
R 1 0,060 0,650 0,853 0,735 0,87 0,804 0,810 0,867
NSE 1 -358,52 0,305 0,72 -0,475 -136,92 -1030 -4,742 -3,98
1A 1 0,066 0,817 0,941 0,740 0,256 0,056 0,50 0,52
NSE; 1 -360,03 0,086 0,682 -3,015 -136,06 -1029 -4,998 -4,20
1Al 1 0,062 0,759 0,909 0,291 0,2606 0,057 0,487 0,500
LIad 1 -9,433 0,579 0,771 0,335 -5,270 -18,587 -0,3& -0,36
NSE 1 -19,866 0,1% 0,543 -0,329 -11,53 -38,17 -1,764 -1,609
IA 1 0,044 0,602 0,761 0,438 0,134 0,05 0,266 0,277

Tablel5: Set of metrics applied to the VGM simulation to investigate the performance of the single sdosated in the
embankment layer

imulation that uses th&/GM The performance of the simulation is investigated in

In the previous analysighapter86 1), the attention has been focusedainly on the performance of the

direct simulatins during the whole 2018 period, but, at this stage, it is interesting to stuelypehaviour
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of the direct simulation(VGM)over more restricted periodée. the major flood eventgfor river water
heightand persistencen time). It must indeed be kephimind that the final goal is thelaborationof a
reliable pwp distributiormap during the most critical time instants of the simulatipfor future possible
stability analysis

For this reasonpnistead of considering the performance of the investigatedeyvation points on the whole
2018period, the time axis is divided in 12 periodsWifiod pealQlQy R mH LIS NBS# R 20 Q2bF HYPQ 27
is considered the reference river wativelto individuate the major flood periods. The individuatdtRak
periodsQdde indicated withcapitalletters from A to N, while th&bf-peak periodQwith letters from¥ Q (i 2
h Q &iguse). InTablel6 the initial and final temporal instastof each Yp@akperiodsQdnd Yod-peak
periodsQdpe presented in detail (the temporal scadfe minutesis based on the investigated 2018 period
from the 12" November 201%vhich is the zero instantp the 23° June 2018the last temporal instant

The chosen observation points ardocated in the berm andh the embankmentHalf of the observation
points are associated to pore pressure readings and the other half to water content readegsors
installed in the foundation and in the subsoil layers have beén considered in order too€us the
attention on the most interesting layers for the purposes of the present work. The chosen observation
points are the following:

1 For the fluvial (berm)and foundation layersMPB2_2,2m (wc sensor)8_TB1_4,9m (PH ssor)
have been chosen.

1 For the embankment layer MPS6_MPC1 4,6m (PH sensor); MPS6_MPC3_6,2m (PH sensor);
MPS6_SPC1 7m (PH sensor); SPC2_7,1m (wc sensol);2MRC(wc sensor); MPC1_4,5m (wc
sensorhave been chosen.

The chosen set of metrics is restdd to two accuracy indices (RMSB,B62 SFFAOASy Oé AYyR
and a statistical significance criteria\(plue) because, as seen in chapf, together they are able to give

a good and reliable quantification afsimulationperformance.Theuse of a greater number of metrics is

not recommended when dealing withnultiple time intervals because the modeller could be lost in the

huge quantity of information, not drawing any conclusion.

As could be observed ihable 17, the investigatedmodel is able to reproduce with high accuracy the
pressure head dataset both in thdh@ak period® énd in the Ybfbpeak periodQ (The most relevant
flooding events (flood C, G, H) are very well simulated by the VGM with a ¢woént of determination
around 0,85 for flood C and 0,98 for G and H, while tivalpes highlightthat the simulated and observed
dataset belong to the same family and are not statistically differéhe majority of the pvalues $ above
the significae level of 5%)

The values of the set of metrics suggest a poorer performance of the msidejthe wc dataset,with R

values below 0,5 (unacceptable performanaaj efficiency criteria betweer0,1 and 0,6or both thetime
periods(peak and offpeakperiods) The investigated VGRuringthe WQRISF 1 QQ LISNA 2 Ra&a &K?2
performance, far below the acceptance thresholdl this aspects have to be considered in the calibration
phase in order to focus the attention on the most relevant problensdedted in the investigated
simulations always keeping in mind the main goals of the simulation
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Figure20: Graphical indication of theonsideredflood peak periods and offlood peak periods.
From To From To From To From To
(min) (min) (day) (day) (min) (min) (day) (day)
A 3090 4470 14/11/17 | 15/11/2017 AQ | 4471 21419 15/11/17 | 26/11/17
B 21420 | 22260 | 26/11/17 | 27/11/17 BQ | 22261 | 39029 | 27/11/17 | 9/12/17
C 39030 | 55920 |9/12/17 | 20/12/17 ) | 55921 | 66479 | 20/12/17 | 28/12/17
D 66480 | 70260 | 28/12/17 | 30/12/17 DQ | 70259 | 119099 | 30/12/17 | 02/02/18
E 119100 | 123450 | 02/02/18 | 05/02/18 EQ | 123451 | 148679 | 05/02/18 | 23/02/18
F 148680 | 153360 | 23/02/18 | 26/02/18 FQ | 153361 | 164399 | 26/02/18 | 06/03/18
G 164400 | 195450 | 06/03/18 | 27/03/18 GQ | 195451 | 197969 | 27/03/18 | 29/03/18
H 197970 | 238140 | 29/03/18 | 26/04/18 HQ | 238141 | 247589 | 26/04/18 | 02/05/18
| 247590 | 265230 | 02/05/18 | 15/05/18 1Q 265231 | 275999 | 15/05/18 | 22/05/18
L 276000 | 278880 | 22/05/18 | 24/05/18 LQ 278881 | 300029 | 24/05/18 | 08/06/18
M 300030 | 301980 | 08/06/18 | 09/06/18 MQ | 301981 | 309359 | 09/06/18 | 14/06/18
N 309360 | 310890 | 14/06/18 | 15/06/18 NQ | 310891 | 324040 | 15/06/18 | 23/06/18

Tablel16: Table with temporal indication of the flood peak p®ds and offflood peak periodin terms of minues (from the zero
instant, 12" November 2017) and days.
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PressureHead dataset

A B C D E F G H I L M N
RMSE | 1,458 1,162 1,283 | 0,682 | 0,476 | 0,664 | 0,569 | 0,422 | 0,896 | 0,761 | 0,963 | 0,900
R 0,950 | 0,957 0,856 | 0,990 | 0,980 | 0,885 | 0,974 | 0,991 | 0,986 | 0,927 | 0,90 | 0,919

L! Q |-0,109]|0,271| 0,890 0,837 | 0,827 | 0,794 | 0,920 | 0,898 | 0,709 | 0,648 | 0,535 | 0,547

NSE -6,01 | -2,811| 0,855 0,826 | 0,890 | 0,814 | 0,965 | 0,957 | 0,613 | 0,515| 0,181 | 0,297

p_value| 0,008 | 0,138 | 0,810 | 0,397 | 0,770 | 0,362 | 0,311 | 0,539 | 0,045 | 0,863 | 0,563 | 0,000

AQ BQ 89 DQ EQ FQ GQ HQ 1Q LQ MQ NQ

RMSE | 1,168 1,039 0,552 | 0,508 | 0,489 | 0,439 | 0,360 | 0,953 | 0,668 | 0,764 | 0,709 | 0,843

R 0,946 | 0,954 0,992 | 0,982 | 0,968 | 0,992 | 0,990 | 0,814 | 0,944 | 0,926 | 0,935 | 0,871

L! Q |0137|0,308]| 0,878 | 0,810 | 0,820 | 0,845 | 0,909 | 0,635 | 0,686 | 0,632 | 0,671 | 0,531

NSE -3,506 | -2,311| 0,910 | 0,853 | 0,884 | 0,912 | 0,962 | 0,226 | 0,653 | 0,518 | 0,639 | 0,318

p_value| 0,000 | 0,000 | 0,240 | 0,366 | 0,419 | 0,255 | 0,932 | 0,211 | 0,838 | 0,372 | 0,800 | 0,456

Water content dataset

A B C D E F G H I L M N
RMSE | 0,054 | 0,052 | 0,051 | 0,051 | 0,059 | 0,058 | 0,063 | 0,054 | 0,056 | 0,055 | 0,055 | 0,055
R 0,064 | 0,040| 0,174 | 0,381 | 0,168 | 0,198 | 0,439 | 0,404 | 0,306 | 0,299 | 0,285 | 0,286

L! Q |0421|0,426] 0,486 | 0,563 | 0,547 | 0,552 | 0,670 | 0,619 | 0,531 | 0,528 | 0,522 | 0,522

NSE -0,096 | -0,085| 0,119 | 0,315| 0,134 | 0,174 | 0,434 | 0,363 | 0,231 | 0,239 | 0,237 | 0,237

p_value| 0,211 | 0,367 | 0,036 | 0,275 | 0,474 | 0,529 | 0,411 | 0,974 | 0,708 | 0,826 | 0,998 | 0,000

AQ BQ 89 DQ EQ FQ GQ HQ 1Q LQ MQ NQ

RMSE | 0,053 | 0,052 | 0,051 | 0,056 | 0,057 | 0,057 | 0,050 | 0,057 | 0,055 | 0,055 | 0,055 | 0,055

R 0,052 |0,035| 0,411 | 0,210 | 0,196 | 0,210 | 0,508 | 0,3® | 0,305| 0,293 | 0,291 | 0,288

L! Q |0424|0,431|0,564|0,543| 0,554 | 0,553 | 0,683 | 0,535 | 0,528 | 0,523 | 0,524 | 0,526

NSE -0,086 | -0,080| 0,328 | 0,177 | 0,167 | 0,191 | 0,487 | 0,210 | 0,240 | 0,236 | 0,244 | 0,245

p_value| 0,000 | 0,000 | 0,149 | 0,000 | 0,179 | 0,640 | 0,843 | 0,493 | 0,634 | 0,740 | 0,992 | 0,884

PEAK PH dataset OFFPEAK PH datasel PEAK wc dataset OFF_PEAKyc dataset

RMSE 0,7008 0,7466 0,0542 0,0552
R 0,9324 0,8728 0,3596 0,2218
L! Q 0,8795 0,7311 0,6170 0,5341
NSE 0,9177 0,6523 0,3416 0,1817
p_value 0,7911 0,000013 0,5280 0,0000005

Tablel7: Values of the set of metrics used to quantify the performance of the VGM in the different time peridfi@gk period€2 Q
and Yofd-peak period$) Qsing two different datasets (wand PH dataset)The last grop of metrics considers together all the
peak periods (1 and 3° columns) and all the ofpeak periods (¥ and 4" columnrs) in order to give an overall indicationfahe
performance of the model.

6_3 THE RELATION BETWEEN MODEL EVALUMEASUREMENRRORS AND
OTHER SOURCES OF UNCERTAINTIES

When dealing withmodel performance evaluation using observed data as in this case study, it is always
important to keep in mindthe existence ofmeasurement errors that could partly undermine our
evaluation Measuements errors could assume different shape:

-Sensibility of the instruments to external and internal factors: dur case, GS3 sensors rem# are
sensible to temperature andulk electrical conductivity whilthe dielectric water potential sensors (MPS6
and tensiometer T8to temperature These influences could not be avoidedemvwith an optimal
calibration.
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-The error of the instruments recording tha situ measurementéwater content andvater potentia). GS3
hasan accuracy of +0,03 ni/m>®while in our studythe variation between observed and simulated data is
greater thatthis accuracy errofseeTablel3, accuracy metrics for a wc datasefpr what concerns MPS6,
the intrinsic accuracy of the itrement is pretty low, +/ 10% of the reading +2 kPa in the range fr@nto -
100 kPa. This means for a readingldiO kPa an estimated error between +12 kPa d&Pa which means
+1,22 m and0,81 m of water column heighT8 tensiometer has an accurasignificantly greater: +0,5
kPa (0,05 m ofvater column height)n the range-85 / +100 kPalf we consider separatelyensors TABL
49 m (berm) MPS6MPC14,6m (embankment) MPSEBSPCIm (embankment) the values of the
statisticalmetrics are the fdbwing (Tablel8) usingthe VGM

0 -0,87 0,35 -0,11
0 0,87 0,35 0,11
0 1,22 0,40 0,23
1 0,98 1,00 1,00
1 0,96 1,00 1,00
1 0,99 1,00 1,00
1 -11,59 0,99 0,96
1 -2,76 1,00 0,99
1 0,82 0,96 0,98
1 0,90 0,98 0,99

Table18: Set of metrics used to inveigtate the performance of the VGNh the observation points T8_TB1; MCP1_4,émd
SPC1_7m.

Observation poinfT& TB1showsthe greatest error both in accuracy and efficiency metrics baitcording to
what we have jusexposed T8 TBlhasalsoan highernominal accuracgompared to MPS6. Howevitrhas

to be consideredhat it was not installed durig theINFRASAFE pect but some timebefore by AIPO; for
this reason the goodness of the installation was wetified and a bwer reliability of the acquired data
could not be excludedt KA & € GGSNI FI f tz OF NIQUEigFdntkirSriNMeastrdeielll S &
errors. It is likely that even with an excellent calibratiahe scatter between observesimulated data
remairs high for the sensor T8_TBEcause observed dataould beaffected by intrinsic errors.

-Error correlated to theindirect method of measuring water content using tl@apacitanceDomain
Reflectometry (DR)as for GS3 sensbly Decagon Device.

-Instrumentcalibration is often obtained for just a portion of the SWRC, usually the wetter part, while the
calibrationof the dry part is usually problematic due to the diffiéettin comparinginstrument response
with independent and accurate water potential/water content measurements. Geaduracy of
instrumentmeasurements in thigarrow range is often theoretically achiable but notdemonstrated for

the whole range of soils. This is another important aspect to consider in errors estimation.

The following list falls intdéfder sources of uncertainti€s fifferent from measurement errors.

-Outliers in the observed datasbave ahigher incidence on the evaluation of a model performance. For
this reasonit is extremely important taninimizetheir number. If the number of observed data is too high
to perform a manual screening, weighting techniques to optimize input dataprobability based
distributions (i.e.Monte Carlo simulation or Bayesian analysis framewbdge tobe used to deal with
random or systematic errors (Phogat, 2016).
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-Another possible source dicattering between observed and simulated dataset is theaet physical
location of the instruments, sincemall changes in the depth could cause relatively large changes in water
content and pore pressure values in time (Verbist et al, 2009). In the presesat study, the sensors
positiored in the boreholes hee the accuracyof the centimetre and a displacement ofa couple of
centimetersis possible.

-An inaccurate representation of the initial conditioims terms ofwater contentor suction distribution
could be cause dhe variability between modétd and observed dataspecially in the first time period of
the simulation(as for GS3 SPCA ™ and GS3 MPB2 2,2 m datasetigurel?).

-The natural variability intrinsic in the observation datawbichthe performance of the model is compared
as soil heterogeneity that causes a dispensdf the hydraulic properties.

-Simplified assumptions mador lack ofpreciseexperimental datghat causean inaccuratedescription of
physical phenomena.

For example,n Figure21 variousaccuracyerrors (MBE MAE and RMSHe coefficient of determination

R and the efficiency metrics (IA, KGig presented for the water content and pressure head dataaét
different soil aepths (from the most superficiabservation pointat the top, to the deepest at the bottom

of the graph. It is possible to observe that the major bias is detected in the first 1,5 m of soil due to
assumednodelling simplificatioasuch as:

1 The assumptiorof a constant atmospheric boundary flux during the whole day time neglecting the
fluctuation in the evapdranspiration contribution between day and nightue to lack of
experimental data

1 The weather station that provides meteorological data to comptite inflow and outflow from
the atmospheric boundary is not positioned in the monitored section but in Cortile da Carpi (Lat.
44.778387, Lon. 10.971285), 7 km away from the investigated seasaeported in chaptegs.

9 Other simplifications have beeadopted for the estimation of the evaporation coefficient)(lknd
of the transpirationcoefficient(K,) to compute EJ the actual crop evapotranspiratiphecause no
proper information on the vegetative coverage of the investigated embankraerdvaihble.

For what concerns the pressure head dah in the embankment below 1p% the coefficient of
determination B showsvalues always above,®(best fit 1)and the accuracyerrors (MBE, MAE, RMSE)
decrease considerably up tari7of depth.The accuracy mtric IA follows the same trend of the accuracy
metrics while KGE shows a decrement below 6,2m of ddfahwhat concernghe water content dataset

the observation points located in the embankment layer show an increase in the acarracy (MBE,
MAE,RMSEwith depth (for the sensors below 1,5myvhile B does not have a clear trend but it is set to
values always higher than 0For what concerns the efficiency metrics IA and KGE, they show a decrease
up to 4,5m of depth then a rapid increase (besvéilue 1).

In the berm(fluvial layer)the values of the metricsuggest an higher discrepancy between observed and
simulated dataset but with a coefficient of determination alwaysgreater than 0,5 (the value typically
considered acceptable) with the eaption of MPS@&PB22,7m (Rof 0,38).
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Figure21: Values of the accuracy metrics (ME, MAE, RM§EarRJI the efficiency metrics (IA, KG&#jth depth in the observation
points located in the embankmenlayer and in the berm(fluvial layer) The shallower sensor is on the top of each graph and the
deeper one at the bottom. The chosen hydraulic model is the VGM.

6_4 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES

The behaviour ofhe four considered hydraulic models (HVGM, VGM, V2, HVGM2cm) has been
investigated inn°7 observation pointdbelonging todifferent layers (embankment, fluvial, foundation,
aquifer) using a PHa wc datasetand a mixed dataset (PH+w@hefour performed direct simulationslo

not differ in any aspedinitial conditions, boundary conditions, mesh discretization etc) in order to be fully
and easily comparedThe comparison between the four different hydraulinodels reveals if it is
convenient tousea HYGMHVGM2cmmodel (10 parameters)nstead of aVGMVGM2cm 6 parameters)

for the investigated geotechnical problemm fact he use of a more complerodd requires the calibration

of a higher number of parameters, longer calculation time agréater convergence problemsfor this
reason the choice hag the made on the basis of objective information.
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Initially a qualitative procedure has been applied: the obsersieaulated datasets have been represented
on the same graph in order to visualize the dispersion from thdid&(1:1)(seeFigurel7 and Figue 18).
Qubsequently a set of metrics/indices has been used in order to quantify the perfornedirice modelin a
more objective way.

Using the qualitative methodologyt, has been observed that GM, HVGMVGM2cm show almost the
same behaviour in the investigated observation points while V&dm has a different trendThe
considered models represent well the behaviour of the observation p¢fitidatase) in the foundation
and embankment layers ancklatively well the behaviour in the embankmenind fluvial layers (wc
dataset) Comparing observedimulated datasetgor all the considered hydraulic modglit is possible to
observe that he embankmentis always less responsive to external stimuli with regsp to models
simulation VGM and HVGM ka the same response in the embankment layer lguite different in the
berm.This is due to the fact that the duration of a flood event afegeatly the hysteretic behaviour of an
embankment.If the permeabilityof the embankment igoo small compared to the flood duratiorthe
saturated front has notnoughtime to propagatedeeplyin the bank body and theesulting pore water
pressure changes are smdlhe berm is the area which psimarily interested by thehydraulic stimuli and
where the hydraulic stimubre more persistent in time, for this reasdhe greater differences between the
VGM and HVGM are observed in this area and in correspondence of tjug fltmds events(for the
hydrometric level reached ahthe persistence in time)t is relevant to considethese variatiols because
the FOSHactor of Safety) elaborated from proper stability analgusing as initial conditiasithe elaborated
distributions of wc and pwpcould result overestimated using @mhysteretic behaviouas fourd by Liu et

al (2015).Thequalitative methodology to compare different hydraulic mogjéi in one hand results easier
and quickerin orderto have a general idea of the models performance, in the othdoes not allow to
elaborate a reliable and objectiveopinion, free from the personal judgement of the maodeller.
Metrics/indices could be usetb evaluate the performance of the model/s on the single periods tfte
single floodoff-flood periodg, on the single observatiopoint (local evaluatiorof the model performance

or globally on the wholelomain (using the whole set alvailableobservation points)The used metrics are
the ones introduced in chapr 2_7 2 and tested in chaptérwith similar datasetsn order toindividuate
pros, cons and potential limitén their application. To this group of metriamodel selection criteria (AIC,
BIC, HQChave been addedecauseextremely suitable for a probabilistic selection of the best model
among many andbecausethey are abé to take into consideration the different complexity of each model.
It has been observed that VGM and HVGM are the best modedsnialate the 2018 period and HVGM is
able to reproduce better the behaviour during the jom flooding events.The following aalysis
concentrate the attention on the VGM which is the simpler hydraulic model used and whose performance
has proven to beyood In this case to evaluate the model performaregreater number of observation
points has been used as input datss obsered also in the previous analysis, the VGM gives an excellent
performance in the simulation of the pwp distribution im& (values of the considered metrics close to the
best fit) while an insufficient performance is obsernfeda wc datasetbelow accepability values)This tell

us thatthe calibration is notgoingto enhance greatly the performance of th@mulation in terms of
pressure head, while greater room for improvemsig possible for thesimulation of thewater content
distribution. Subsequeny the behaviour of the VGM has been investigated on the single period (fload/off
flood periods)by means of a restricted number of metrics/index in order to awidounterproductive
number of datato be processed by the modelldt is relevant to invetigate the behaviour of the model
expecially in the most relevafiood eventsof the 2018 periodn view of possible future stability analyses.
Even in this case the flood periods are vegthulatedcompared toa PH datasedf observation pointsvhile
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an insufficient performane is observedcompared toa wc dataset Chapter 6_3 focuse®n the
measurements errors that could partly influence the model evaluattonong the most relevaranes the
sensitivity of the instruments to external/internal facto(as temperature, bulk electrical conductivity
unfortunately those types of disturban@®uld not be avoidedAnother important aspect to consider when
dealing with data acquisition from installed instrumentatss the accuracy of trsensordor exampleGS3
has anhigh accuracy of + 0,03 ni/m? T8 of +/-0,05m (in the range-85/+100 kPa)and MPS6 of
0,8/+1,22m (low degree of accuracy)Other sources ofmeasurement errorsstay in the laboratory
techniqueto obtain the calibration curves of the instrumisn(f.e. the intrinsic difficulty in thexperimental
obtainment of the drying branch of thesWRCcurve) and in the indirect method of measuringpme
propertiegphysical quantities(f.e. the wc is determined using th€DRtechnique for the sensor GS3).
Other sources otincertainties could be error in the vertical positioningthe sensorsnside a borehole,
soil localheterogeneitythat causes a dispersion of the hydraulic parameténse adoption of simplified
assumption to describe physical phenomeriag vapotranspiration phenomend due to the lack of
experimental proper dataWhen dealing with modgberformance evaluation usinghabserved dataset it
is always suggested to understand the entity of the uncertainties with wttiehmodeller isdealing n
order to require to theparameterscalibration process theeasonabledegree of precisiofaccuracy

The following chapte¥ focuseson theindirect simulationginverse analysigerformed on the 2018 period
in order to individuate the best set of optired parameters. Indirect simulations have bemrried out
using different hydraulic modsg|differentdatasets of observation points, different weighting distributipns
different set of initial parametersA methodological approach in three phases hasrbapplied in order to
individuate the best set of optimized parametehsdices/metrics/statistical parameters have been used for
this purpose.

7 THECALIBRATIORROGRAMMBERFORMED

In the present chapterthe performed calibration programmearried ou on the direct simulatiors (HVGM,
VGM, HVGMcm, VGM2cm)of the 2018 years presented in great detail.

The programmeis composed of differentdroups of inverse analysiQ f@ be performed, which are
identified inTable21 with the identification coded_1 xxwith xxvarying froml to 66.

As could be observed ifablel9, in eachYgfdup of inverse analys(@enoted by theidentification code
1 1 xx)13 simulatiors are performed for thevGM and VGMcm while B simulations for the HYGM and
HVGM2cm. This is due to the fact that the VGM and V@Bin have a lower number of hydraulic
parameters to optimize (lack of the hydraulic parametiist describethe wetting curve).

Each group of inwee analysis optimizes parameters of a different layer of the model (foundation, fluvial,
embankment or aquifer) or of group of layers (embankment+fluvial; embankment+foundation;
embankment+foundation+fluvial) (s@&able21).

Theindirectsimulations in achgroupof inverse analysigptimizeone single parameter up to 5 paraters
at a timewhen the goal is the optimization of a single laj@eTablel9). When a group of imerse analysis
optimizes the hydraulic parameters of two or more layers, the indirect simulations tries to optimize from 2
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to 15 hydraulic parameters (15 is the maximum number of parameters that could be optimized together in
the Hydrus code).

‘ N‘ ‘ é h n KS ‘ m ‘ sSw hW kSW ‘ r ‘ S h n &
1 X X
2 X X
3 X | X X
4 | X X
5 X | X X
6 X X X X
7 X X X X
8 | X X X X
9 X | X X X | X X
10 | X X | X X X | X
11 X X | X X X [ X
12 X | X | X X | X [ X
13 | X | X | X | X | X X | X [ X | X | X
14 X
15 X
16 X
17 X
18 X | X [ X | X

Tablel9: The table represents the optimized parameterseach indirect simulation belonging to a group of inverse analysis
(denoted by the identification code 1_1_xxJEach group of inverse analysis is composed®intlirect simulations (numbered
from 1 to 18 in the first column) for the HYGM and HVGMm, of 13 indirect simulations for the VGM and VGRtm (because
the hydraulic parameters of the wetting curve are not to be optimized).

Eachgroupof inverse analysibas different input dataetto perform the inverse modelling: pressure head
data orand water content dataof the sensorsgnstalled in the layes whose parameters are optimizddee
Table21). In Table20, the sensorsusedfor the inversemodellingare listed When the inverse angsis is
performed ona group oflayers, theobservationdataset for the indirect problems composed opressure
head or/and water content data of the available instrumeh&tonging tathe group oflayersconsidered.

In other words, if the group of inveesanalysis optimizes the hydraulic parameters of the embankment
layer using a water content dataset, only the observation points/sensors monitoring the water content in
the investigatedlayer are usedin the inverse analysis. If the group of inverse anslygptimized the
hydraulic parameters of two layers (f.e. embankment and fluvial) using a pressure head (PH) dataset only
the sensors that records pwp installed in the two investigated layers are used in the indirect problem. This
concept is clearly visiblin column 8 ofTable21 where the groups of inverse analysis performed in the
present calibration programme are listed reporting information about type of dataset used, sensors used in
the dataset of observation points, eighting distributions, hydraulic model adopted, layer/s whose
parameters are optimized.

Thecomparison of the performance of indirect simulations belonging to different groups of inverse analysis
(as the one performed in the first phase of the calibrajios carried out considering the whole set of
observation points (all the available sensors) and not only the restricted number of sensors used in the
inverse analysis. This assures a comparison of the indirect simulations under the same conditions.
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DATASE IN PRESSURE HEAD- (N DATASET IN WATER CONTENG (¢
EMBANKMENT EMBANKMENT
T8TC28,0m GS3SPCZ,1m
MPSGMPC 14,6m GSaMPC14,5m
MPSESPCTm GS3MPC12,4m
MPS6MPC36,2m GSaMPC36,4m
MPC13,05m
DATASET IN PRESSURE HEAD | DATASEIN WATER CONTENT (%
FOUNDATION FLUVIAL
T8TB14,9m GS3MPB22,2m
DATASET IN PRESSURE HEAD (1
PZ-10m AQUIFER
MPS6MPB22,7m PZ217m

Table20: Sensors used to perform the inverse modelling subdivided for type of measure (wc or iHpger.

A simplified example is providedelow in order to clarify how the calibration programnias been

conceived and carried ouAssuming to have

- two layers (A,B) whose hydraulic behaviour is described by 2 parametersfe@d) and B ¢,d),

-aunique weighting distributiorfw=1);

-two types of daasets of observation points (X aij

All the groups of inverse analysis that are performed according to the calibration progradopted are
presented inFigure22. 6 groups of inverse analysis: 4 groups optimizing a single layer (A or B) and 2
optimizing both the layers (A+B), what changethe dataset ofhe observation points (X or Y) because the
weighting distribution is unique in this example. Figure22 for each group of inverse analyspossible

indirectsimulationsare reported

Groups of i mverse analysns

A LAYER B LAYER A LAYER B LAYER

w=1 w=1 w=1 w=1

X dataset X dataset Y dataset Y dataset
1)a 1)c 1)a 1)¢c
2)b 2)d 2)b 2)d
3) @b 3) ¥, St 3 Q-Td

. indirect
A+B LAYER > .simulations
in each group

w=1 of inverse
X dataset analysis
1) a+c "____,,....................
2)b+d
3) atb+c+d 3) atb+c+d

Figure22: Example of the groups of inverse analyiimt AREperformed according to the calibration programme adagd. In this
example we assume to have 2 layers whose parameters have to be optimized, a single weighting distribution (w=1) and two
types of dataset of observation points (X and.Y)
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The instruments installed in the first 1,5m from tiseil surface have nobeen includedin the inverse
analysis due to the high influence of theag@e-transpiration contributionthat has beerevaluatedwith a
low level of accuracy (no in situ weather station, no informatioe$timate precisely the crop coefficient
of the ripaian vegetation and the evaporation coefficient Ke, no hourly computation of the
evapotranspiration contribution but only daily computatioifhis topic has been addressed with due care
in the previous chapteB6_3. The sensors that have not been includedthe indirectmodellingare the
following: GS3VIPB10,7m (vc), GSaMPC31,4m (vc), MPSEMPB10,9m (PH), SM156WPC21,5m (PH)
and MPS&PB11,2m (PH).

The observationdataused in the inverse modellirftave been associated to different weight

-a weigh equal tol for the whole observation dataséthe same relevance is assumied the wholesetof
observation points

-a weightassociated tonput dataaccording to thelriangularMovingAverageTechnique (TMA).

-amore complete casuistry on the attrition of weightsto the input data on the basis of the type of the
instrument (reliability and quality of the readings), of the position of the instrument in the bank, of the
temporal instantof the observation datdpre, ongoing, after flood, no flood)illvbe presented separately
and extensively in chapteg7_7. The different weighting procedures have been applied to a reduced group
of indirect simulations.

The TiangularMoving AverageTechnique(TMAT)wasborn for the financihmarket. t is a simple raving

average that is averaged again (averaged twice) so it is double smoother. It is not a responsive type of
moving average (the reaction to a sudden change in thes#aia not very fast)TMAT is formally defined

0KS 6SAIAKGSR | OONITHES a2 7 yiRK R Ff 08KIS WrQiy(QIERBi=14a) QQ I
and it could be computed as follosee equations 29 and 130]:

SMA=single moving averagezH{%b X {Q.k)En+m) [equation 129]
TMA= (SMASMABb X © @ )4+m) [equation 130]

In the TMAT, the majority of the weigtgdis given to the middle portion of the date the lookback/look
ahead periodandthe weightdecreases moving away from the middle as in a trigriggmce the nameln

our casethe lookback period is one week and the lecakeadperiodis one week, so in total the period to
which the TMA is referretb is two weeks.The max weight is given to the peak value of the instrument (i.e.
during a flood event)and the rest of the data is scaled from this value ufiegr MAT.

The TMAT has been chosen becauselows to give sufficient weight also to the data bading to the
initial phaseand post peak phase of a floedentbecause they are relevant fthe closeness to the peak.
These two temporal instants are particularly interesting especially from the point of view of future stability
analysis In fact asudden hgh water leel is potentially dangerous for mediwgparsegrainedbanks and

for this reasongreat accuracy must be dedicated to represent the pore pressure distribution in the first
days of the floodwhile a persistent medium/high water level is patigally dangerous for fine grained
banks and for this reason tH#-peakd® the flood(last days of the floodnust be well defined in terms

of pressure head distributiorAs could be observeid Table2l, the parametes to be optimized have been
constrained $ettingthe range in which the parameter could vary) just in the simulagnoups 1_1 1 and

1 1 2 die to the fact that he optimized parameters have alwagssumed possible valuds none of the
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other performed groups of inverse analysia constrain was necessarfyor this reason,he presentcase
study could not be used to investigate the effects of constrained and unconstraptedizedparameters.

Concluding, hie different characteristics of the indirect sutations carried out ithe performedcalibration
programme are summeih Figure23for sake of clarity.

Different
measurement types

-pressure head (PH)

-water content (wc)

-pressure head+wc
(PH+wc)

Different
weighting distributions

-Triangular Moving Average Technique
(TMA)
-Weights equal to unity
-Based on the sensor type
-Based on the location in the section
-Based on the simulation period
(flood peak periods and off-peak
periods)

Combinations of

layers to optimize
-single layer
-couple of layers
-triplet of layers

Combinations of

layers to optimize
From 1 to 5 parameters together (for
single layer), up to 15 (for triplets of
layers)

Figure23: Summary of the different characteristics of the indirect simulations carrimat in the performed calibration

programme.
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anaLvsrs | HYPRAULG coNsTRANG NcoSTRAN "Ll iodeuT batq MYSERCPE) Laverss o wniet ™ BCER U GUCe
GROUP HEAD PARAMETERS BEL( DATA=1 DATA=TMA
1.1.1 HVGM X X EMBANKMENT EMBANKMENT X

112 HVGM X X EMBANKMENT EMBANKMENT X

113 HVGM X X EMBANKMENT EMBANKMENT X

114 HVGM X X EMBANKMENT EMBANKMENT X

115 VGM X X EMBANKMENT EMBANKMENT X

116 VGM X X EMBANKMENT EMBANKMENT X

117 HVGM X X FLUVIAL FLUVIAL X

118 VGM X X FLUVIAL FLUVIAL X

119 HVGM X X FOUNDATION FOUNDATION X

1.1_10 VGM X X FOUNDATION FOUNDATION X

1.1 .11 HVGM X X EMB+FLUV EMB+FLUV X

1112 VGM X X EMB+FLUV EMB+FLUV X

1.1 13 HVGM X X EMB+FOUND EMB+FOUND X

1.1 14 VGM X X EMB+FOUND EMB+FOUND X

1.1.15 HVGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1.1.16 VGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1.1.17 HVGM X X AQUIFER AQUIFER X

1.1.18 VGM X X AQUIFER AQUIFER X

1.1.19 HVGM-2cm X X EMBANKMENT EMBANKMENT X

1.1.20 HVGM-2cm X X EMBANKMENT EMBANKMENT X

1121 VGM-2cm X X EMBANKMENT EMBANKMENT X

1122 VGM-2cm X X EMBANKMENT EMBANKMENT X

1.1.23 HVGM-2cm X X FLUVIAL FLUVIAL X

1.1 24 VGM-2cm X X FLUVIAL FLUVIAL X

1125 HVGM-2cm X X FOUNDATION FOUNDATION X

1126 VGM-2cm X X FOUNDATION FOUNDATION X

1.1 27 HVGM-2cm X X EMB+FLUV EMB+FLUV X

1.1.28 VGM-2cm X X EMB+FLUV EMB+FLUV X

1.1.29 HVGM-2cm X X EMB+FOUND EMB+FOUND X

1.1 30 VGM-2cm X X EMB+FOUND EMB+FOUND X

1131 HVGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1.1.32 VGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X

1.1.33 HVGM-2cm X X AQUIFER AQUIFER X

1.1 34 VGM-2cm X X AQUIFER AQUIFER X

1135 HVGM X X EMBANKMENT EMBANKMENT X
1.1 36 HVGM X X EMBANKMENT EMBANKMENT X
1.1.37 VGM X X EMBANKMENT EMBANKMENT X
1.1 38 VGM X X EMBANKMENT EMBANKMENT X
1.1 39 HVGM X X FLUVIAL FLUVIAL X
1.1 40 VGM X X FLUVIAL FLUVIAL X
1.1.41 HVGM X X FOUNDATION FOUNDATION X
1.1 42 VGM X X FOUNDATION FOUNDATION X
1.1_43 HVGM X X EMB+FLUV EMB+FLUV X
1.1 44 VGM X X EMB+FLUV EMB+FLUV X
1.1_45 HVGM X X EMB+FOUND EMB+FOUND X
1.1 46 VGM X X EMB+FOUND EMB+FOUND X
1.1 47 HVGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X
1.1 48 VGM X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X
1.1 49 HVGM X X AQUIFER AQUIFER X
1.1_50 VGM X X AQUIFER AQUIFER X
1151 HVGM-2cm X X EMBANKMENT EMBANKMENT X
1152 HVGM-2cm X X EMBANKMENT EMBANKMENT X
1.1.53 VGM-2cm X X EMBANKMENT EMBANKMENT X
1.1 54 VGM-2cm X X EMBANKMENT EMBANKMENT X
1.1.55 HVGM-2cm X X FLUVIAL FLUVIAL X
1.1 56 VGM-2cm X X FLUVIAL FLUVIAL X
1.1 57 HVGM-2cm X X FOUNDATION FOUNDATION X
1.1.58 VGM-2cm X X FOUNDATION FOUNDATION X
1.1.59 HVGM-2cm X X EMB+FLUV EMB+FLUV X
1.1_60 VGM-2cm X X EMB+FLUV EMB+FLUV X
1.1 61 HVGM-2cm X X EMB+FOUND EMB+FOUND X
1.1 62 VGM-2cm X X EMB+FOUND EMB+FOUND X
1.1.63 HVGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X
1.1 64 VGM-2cm X X X EMB+FOUND+FLUV EMB+FOUND+FLUV X
1.1 65 HVGM-2cm X X AQUIFER AQUIFER X
1.1 66 VGM-2cm X X AQUIFER AQUIFER X

Table21: Summary of the characteristics of each group of inverse simulations (numbered from1 1 1to1 1 66 in the first

column) in terms of hydraulic model adopted (VGM, HVGM, V@d&h, HVGM2cm), type of observation dataset (wc and/or
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PH); layer/s to which optimized parameters belong; layer/s to which observation dataset belongs, weighting technique adopted
for the observation dataset.

7_1 PRELIMINARY ANALYSIS ORB3LTS OF TEKEIBRATION PROGRAMME

% OF SUCCESSFUL SIMULATIONS OPTIMIZING:
n° OF INDIRECT % OF
HYDRAULIC|  SIMULATIONS SUCCESSFUL 1 2 3 4 5
MODEL PERFORMEBOR | SIMULATIONY(| PARAM®) | PARAMEC) | PARAM() | PARAME) | PARAM()
EACH LAYER
HVGM 108 55 56 63 38 67 50
EMBANKMENT VGM 52 46 55 55 25 50 50
LAYER VGM-2cm 52 12 27 0 0 25 25
HVGM2cm 72 0 0 0 0 0 0
HVGM 36 29 38 30 0 0 0
FLUVIAL VGM 26 27 30 30 50 0 50
LAYER VGM2cm 26 19 30 10 0 50 0
HVGM2cm 36 0 0 0 0 0 0
HVGM 36 47 38 80 25 0 0
FOUNDATION VGM 26 69 60 80 100 50 50
LAYER VGM2cm 26 15 40 0 0 0 0
HVGM2cm 36 18 25 20 0 0 0
HVGM 36 53 31 80 50 100 100
AQUIFER VGM 26 92 80 100 100 100 100
LAYER VGM2cm 26 58 10 80 100 100 100
HVGM2cm 36 0 0 0 0 0 0
EMBANKMENT HVGM 36 18 25 10 25 0 0
+FLUVIAL VGM 26 15 30 0 0 50 0
LAYERS VGM2cm 26 4 0 10 0 0 0
HVGM2cm 36 0 0 0 0 0 0
EMBANKMENT HVGM 36 35 38 50 25 0 0
+FOUNDATION VGM 26 35 60 30 0 0 0
LAYERS VGM2cm 26 4 0 10 0 0 0
HVGM2cm 36 0 0 0 0 0 0
EMBANKMENTH  HVGM 36 21 30 10 0 0 0
FOUNDATION+ VGM 26 35 50 30 50 0 0
FLUVIAL VGM2cm 26 0 0 0 0 0 0
LAYERS HVGM2cm 36 0 0 0 0 0 0
Total n° of
indirect 1028 256
simulations

Table22: The table reportsn the third columnthe number of performed simuwtions subdivided according to different laydor
group of layes) and the different hydraulic models in the fourth column the number of successful simulation for each group,
from the fifth to the ninth column the % of successful simulatioeabdivided according to the number of optimized parameters
(1 to 5 parameters)

(") with respect to the total number of simulatiosperformed for each layer and for each hydraulic modetported in the
second column)(2) with respect to the total number of performedimulations that optimize one parameter, (3) two
parameters, (4) three parameters, (5) four parameters, (6) five parameters.

FromTable 22 the 66 groups of inverse analysis are divided as follows:

- 18 groups optimize the lyaulic parameters of the embankment layer

- 8groups optimize the hydraulic parameters of the fluvial layer

- 8groups optimize the hydraulic parameters of the foundation layer

- 8groups optimize the hydraulic parameters of the embankment + fluvial layers

- 8groups optimize the hydraulic parameters of the embankment + foundation layers

- 8groups optimizehe hydraulic parameters of the embankment + fluvial + foundation layers
- 8groups optimizehe hydraulic parameters of aquifer layer

The starting66 graups of inverse analysis (firgtolumn ofTable21) reduce to 3 excluding thegroupswith
anysuccessful simulati@(no convergent simulations)
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In Table22, the number ofindirect simulations performed for each layend for eachhydraulic model
(VGM, HVGM, VGiZcm, HVGM2cm)is presentedn the first column The reported number of simulations
for each hydraulic modetefers to the simulationsthat use a presure head dataseta water content
dataset (or both)and the two weightng distributions (weights equal tounity and weights distributed
according to theTMAT).

The total number ofndirect simulationgerformed in the calibration phase is 28 (324 withHVGM, 208
with VGM, 208 with VGAcm, 288 with HVGMcm), while the number of successfuldinect simulation is
256. Only the 25% of the initial set of indirect simulations achieved convergence. With high probability this
was a consequence of the complexiif the problem considering a muldyered domain, and a medium
long period of simulation.

For the embankmentayer, a greater number of simulations as performed with respect to the other
layersbecause both water content and pressure healoservationdata were available within the same
layer. Moreoverthe indirect simulations of theyroups of inverse analysid_1 3 and 1_14 were redone
with constrains in theptimizedparametes(1_1 1and 1_1_2).

Constraining a variable means to specify an upperlangr bound sahe objective function, by varying
the optimization variable within these bounds, will dismiss any solutions which do not meet the specified
constraint condition

Looking at the results of the optimizationhdre was no need to impose corains to thehydraulic
parametersof anylayer of the river bank section.

In the fourth column offable 22, the percentage of convergent indirecsimulations (with respect to ¢
total number of simulations indicated in theecond columpare reported.It is relevant to stress that the
same calibration procedure has been applied to each fayercluding the aquifer for which the
optimization of all the hydraulic parameters was performed despite itiensitivity of almostall the
parameters the only exceptionis the saturated permeability)Therefore the high values of successful
simulations of the aquifer layer are not relevant.

As could be observed in the third columnTable 22, the VGMand HVGM secure an high percentage of
successful inverse simulatiof the embankment layef>50%)andfor the foundation layerg69%), while,

for the fluvial layer HYGM and VGM assure the saloe percentage of gccessful simulations (229%).

HVGM2am showsa very low percentage of success all the layers(0 or less than 1%) swe can conclude

that it is impossible to calibrate the parameters of this model by inverse anaiysesof the most probable
reason may be found in the-jlosed inverse mblem. In acomplex nlayer and multiparametric model

many factors contribute to inversanalysis nonuniqueness as indeterminacy, statistical -datar
distribution, numerical error and instability, finite data and model parameter (Simunek and Hopmans,
2002).

It is well known that the use of additional data in the indirect problem together with the reduction of the
number of parameters involved in the optimization process could reduce or resolve these problems. Both
strategies have been tested in the itmhtion programme but no improvements have been observear

what concerns the VGMcm the percentage of successful simulations is low (from 0 to 19%).

From the fifth column to the ninth colum(Table 22), the percenta@ of successfulndirect simulatiors
optimizing from 1 to 5 parameters reported based on thenitial number ofsimulation The number of
optimized parameters isrmaimportant factoraffecting theinverse modellingIn fact local gradient based
optimization algorithm such as the Levenbdwarquardt methodimplemented inHydrusworks best with

a limited number of parameters. If a large number of parameters needs to be calibrated, other optimization
algorithm such as th€&enetic Algorithmsare to be preferred (Simunek et al, 2012; Vrugt et al, 2001he

% The same calibration programnteas been applied to all the investigated layers (embankment, fluvial, foundation,
aquifer) in orderto assure an easier comparison between the obtained results. A reduction of the number of indirect
simulations could be obtained optimizing only the hydraulic parameters which showed the greater sensitivity in
chapter 6_1 (sensitivity analysis) but foretppurposes of the present thesis, it was not a priority to maintain a low
number of inverse analysis.
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percentage of successful simulations seems twtbe directly related to thenumber of optimized
parameters f.e. the embankment layer has a percentage of convergence equal tofé66% parameter,
63% for twoparametas and 67% for four parameters) but we are not considering any information on the
quality of the inverse simulatiaymoving from 1 to 5 optimizegharameters(simulations that optimize
more parameters are most likely less accurate than thaémizingfewer parameters

While in Table
different optimizedlayers andhe different hydraulic modelsn Table 23:
All the successful simlations that use the TMAT are classifimetording to the different hydraulic
models(caseA).
All the successful simulations that use weights equal to 1ckssifiedaccording to the different

As it is possible to obseryeaseA has a lower percentage of successful simulations with respeszseB.

hydraulic modelgcaseB).

22 the subdivision betweerindirect simulationshas beenperformed according to the

All the successful simulations are classifigetording to the different hydraulic models and the

different type of dataset (wc and/or PKtaseC)

All the successful simulation(®ptimizing the hydraulic parameters of each layarg classified
solelyaccording to the different hydraulic mode{saseD).

This isdue to the fact that in caseA, an higher weight is given to observatisbelongingto flood events
(pre, ongoing, postand this implies an higher difficulty to minimize the objective function and find an

optimized set of parametes. Thealgorithm tries harder to reduce the residuals betweeaimulatedand

observed datasets/here the weidpt of the dataset is higher (during the flo@dent9 while the remaining
periods affect less significantlyhe inverse simulationUndoubtedly, it is easier to find a set of parameters

aKI G
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complex is the improvement of the simulation behaviour during the peak periods.
In table 20, as in table 19, there is no evidence of any correlation between the percentage of successful
simulations and the increase ihe number of optimized parameters.
VGMisthe hydraulic model that showthe highest percentage of successful indirect simulations among the
considered oneg46% caseD) and this number is kept high also for simulations with more than one

optimized paraneter while, as seen ifTable
(14%) and HVGM2cm apercentageclose to zero.
HVGM, VGM and HVGEtm with a pressure head datasefcase C)have the highe percentage of
successful simulationsompared to simulations with a water content dataseteomixed dataset (PH+wc).
For the purpossof this calibration procedure, a good performance of the model in terms of pore pressure
distribution in time is preferable tthe onein terms ofw.c. distribution.The use of a w.c. dataset assures
the lowest percentage of converged simulations while the mixed dataset (wc+PH) a value in between.

LIS NF 2 NY-LIF 106 @ fdwdiweiSydaaiRIS/el), nioozNA y 3

22, VGM2cm has a low number of converged simulagon

HYDRAULIC | % OF SUCCESSR y prpamM. | 2 PARAM. | 3PARAM. | 4 PARAM. | 5PARAM.
MODEL SIMU(L{)ATIONS (2) (3) (4) (5)
HVGM 32 31 33 35 14 25
TMAT VGM 32 38 30 25 38 25
[caseA] VGM2cm 2 0 0 0 0 0
HVGM2cm 15 15 13 25 50 25
: HVGM 49 50 63 25 38 30
Qﬁﬂ?gi_ VGM 60 68 60 63 38 50
[caseB] VGM2cm 2 3 3 0 0 0
HVGM2cm 6 14 15 8 13 13
Subdivision HVGMwe) 32 44 27 18 0 13
based on the| HVGM(PH) 44 36 60 39 33 33
hydraulic HVGM(PH-+wc) 21 38 10 0 0 0
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model and VGM(wc) 28 40 23 17 33 3
é'&iéyri’aet.ﬂl VEMPH) 57 52 65 50 50 50
dataset VEM(WeHPH) 35 50 30 50 0 0
[caseC] VGM2cm(wc) 15 28 7 0 33 17
VGM-2cm(PH) 17 ) 23 o5 o5 o5
\égmﬂ; 0 0 0 0 0 0
All layers VGM 46 53 5 a4 38 38
e HVGM2cm
[caseD] 1 2 1 0 0 0
VGM2cm 14 12 14 11 25 19

Table23: In the third column, the percentage of successful simulations in different cases (from A to D) subdivided according to
the hydraulic models consideredFrom the fourth to eighth column, the percentagef successful simulations subdivided
according to the number of optimized parameters.

(1) with respect to the total number of simulations performed for each hydraulic model. (2) with respect to the total number of
performed simulations that optimize one pameter, (3) two parameters, (4) three parameters, (5) four parameters, (6§ fiv
parameters.

7_1 1PRELIMINARY CONCLUSIONS AND FURTHER STUDIES

Chapter 7_1 presentthe results of the inverse analysis performed on the 2018 perictdOR8 indirect
simulatiors have been carried ound theycould be groupediy’ ¢ cc WQINPR dzZLJA N2R4 Ay OS |
indirect simulations have been performed using the HVG108 theVGM,n°208 the VGM2cm andn°288

the HYGM2cm. Each group of inverse analysis contains ib@utations for HVGM and HVGRtm and 13
simulations for VGM and VGREtm. Each group of inverse analysis uses a different dataset of observation
points, a different hydraulic model (VGM, V&m, HVGM, HVGIdcm), optimizes different layers (single,
couple, triplets of layers) and different combinatienof hydraulic parameters (from 1 to 5 for the
optimization of a single layer up to 15 parameters for triplets of layers). The weighting distributions
adopted are: all observed data equal to unity, weights dstted according to the Triangular Moving
Average Technigue (TMAT), weights attributed depending on the typology of sensors, the position of the
sensor in the section, the time period in which data have been recorded, the reliability and quality of the
data recorded by the sensor. It has been observed that the performed inverse analyses do not need
constraints on the hydraulic parameters which vary in all the cases in a plausible range. This means that the
investigated problem is not appropriate to deal ithis topic (influence of constrains on the inverse
analysis results). Only the 25% of the initial simulatibase reached convergence (25&\d, from 66

groups of inverse analysienly the performance of33 groupswill be tested in the follwing chaptes
applying a methodologicahpproach in three phasesWith high probability the low percentage of
successful simulations idue to the complexity of the problem we are dealing with (long period of
simulation, multilayered domain multi-parametrical hydaulic modely The VGM and HVGM secure an

high percentage of successful inverse simulatiforsthe embankment laye(>50%) for the foundation

(69%) and aquifer> 50%)layers while, for the fluvial layer HYGM and VGM assure the sarwsv
percentage of gccessful simulations (229%).HVGM2cm showsa very low percentage of succefes all

the investigated layers (close to 0) due, with high probability, to apodled inverse problem. Attempts

have been made to eliminate or reduce this problem, decraa$om example the number of optimized
parameters and incrementing the observation data used for the inverse analysis but with no success. We
can conclude that the optimization of the hydraulic parameters of H\MIBM is not possible in the
problem under anlysis. The VGMcm shows, at the same way, a low number of successful indirect
simulations with a percentage betweenl®% for all the investigated layef®espite this, a attempt has
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been made to use the available successful simulations to optimizeyttiahlic parameters of this model.

The VGM shows the highest percentage of successful simulatibrrespect to HYGM, HVGREm, VGM

2cmif compared to the initial numbeof performed simulationsThis is easily explaindyy the fact thatthe

VGM is the esier model used which requires the lower number of paramet@ise correlation between
number of optimized parameters and the percentage of successful simulations has been investigated. A
direct correlation is not visible passing from 1 to 5 optimized pei@rs in the four different hydraulic
models. From literature, it is well known that the Levenbtgrquardt algorithm works best with a limited
number of parameters, this helps to reduce convergence problems, problems efimqueness of the
solution ard ill-posedness of the inverse problem. In the present case study, a reduction of the percentage
of the successful simulations together with a reduction of the number of optimized parameters is not
observed for all the different hydraulic models. This neé#mat it is more relevant to consider the quality

of the simulations increasing the number of parameters instead of considering the percentage of successful
simulations as it is expected a reduction of the improvement in the simulation output incremethiing
number of optimized parameters. It has been observed an higher percentage of successful simulations
using a weighting distribution with all weights equal to 1 with respect to a TMA weighting distribution. This
is due to the fact that the TMA weightirtlistribution gives more relevance to the observation data during

the peak periods and decrementally moving away from the peaks. In this case, the minimization of the
objective function is more difficult because, if we concentrate the attention on thedflaents, it is
particularly complex the individuation of a set of optimized parameters that enhance the model
performance. On the contrary using a weighting distribution vierlthe whole dataset of observation
points, the inverse analysis influenced nainly by the offpeak periods and the individuation of a set of
optimized parameters results easier. Despite this, the optimization of the peak periods results more
relevant for the purposes of our analysis (stability analyses in the most relevant inefahts simulation).

It has been observed that for all the considered hydraulic models, the pressure head dataset assures the
higher percentage of successful simulations with respect to a wc dataset or a mixed dataset (PH+wc). The
wc dataset is associatedd the lowest number of successful simulations while the mixed dataset (wc+PH)
has a value in between.

While in chapter 7_1 the investigationvolves the relation between the number of successful simulations
and thecharacteristics of théndirect problan (humber of optimized parameters, adopted hydraulic model,
typology of dataset etc), in chapter Z the focus is on the quality ahe performance of the groups of
inverse analysis in fadhe match between observedimulated datasetss investigatedby means @
metrics/indices.

7_2 PRELIMINARY EVALUATION OF THE PERFORMANCE OF GROUPS OF INVER
ANALYSIS

In the presentchapter87 2, a preliminary evaluation of the performanad the groups of inverse analysis
(with the identification codel 1 xxwith xx vaying from 1 to 6B is presented while in chaptersg§7_3,
87 4 and 87_5, the quantitative evaluation of the performance is concentrate on #iegle indirect
simulationsbelonging to the different groups of inverse analysis.

The performance of a grougf inverse analysigs evaluated by means of a set of metrics. Thetrics are

computed for each simulationbelonging tothe group of inverse analysis under examinatiathen an
average valusvill be associatetb the whole group
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The average could bewsidered significanb represent the behaviour of a whole group of inverse analysis
becauseevery simulation (which belongs to a certagroup) optimizes the hydraulic parameters die
samelayer, with the samedataset of observation points artie samedistribution of the weightsWe have
noted thata metriccomputed on the output o&ll simulatiors belonging to a group of inverse analysss,
within a very narrow range. This makes legitimate and significant to consider the roeHrese values as
representative of the behaviour of a certain group of inverse analysis.

All the availablegroupsof inverseanalysishave been considered (3goupg. The proposedreliminary
evaluationis suggested when a large number groups is available, at the very indl phase ofthe
calibrationprocesswhen it is necessary to look globally at the behawiof the model excludinggroupsof
inverse analysishat do not complya minimum thresholdthat we are going to defineThispreliminary
phase is importanin orderto reduce the number ofjroupsthat will be investigatedn detailin the next
phases, excluding the ones that perform poorly. The use of threshold values for the consideteaf
metrics and the use o colour scale to detect which groups of inverse bsasfulfil or not the required
metrics allowan easyand rapidevaluation Havung an idea of the general trend of the simulations, allows to
detect the correct thresholdandthe scale of scoret adopt in the next phasehere we lookat the single
simuations one by onénvestigating the performancaot only during the whole simulation perio(2018
year)but alsoduring flood peak and offeak periods

The performance during théh@ole simulation perio@ (@018 year) of ach group ofinverse analysibas
been investigatedby means of thdollowing set of metrics

-Efficiency criteria the NashSutcliffe Eficiency Qriteria (NSE), théndex of Agreement (IA)the Modified
Index of A3 NB S Y S yife réldtive Wasksutliffe Hficiency Qiteria (NSE), the Relative Index of
Agreement (lA.), the modified Index of Agreement (JAwith j=1;the modified NaskSutcliffe Eficiency
Criteria (NSfEwith j=1,the KlingGuptaHficiencyCriteria(KGE)the Coefficient ofDetermination (R).
-Accuracy criter: the MeanBiasEror (MBE), theMean Absolute Bror (MAE) the Coefficient of Residual
Mass (CRM), theleanSguareError (MSE).

-Model Slection Qriteria: the Akake Information Criterion (AlChe Bayesian Information Criterion (BIC),
the HannarQuinInformation Criterion (H(T).

The mathematical and critical discussion of these parameters could be found in ctgptér2. The
threshold values adopted for each mefifex are the following:

R :values between 0,5 and 1 (1 is the best fit).
NSE: vales betweenl and 1 (1 is the best fit).
NSE;: values betweenl and 1 (1 is the best fit).
NSE values betweenl and 1 (1 is the best fit).

IA: values between 0 and 1 (1 is the best fit).

IA: values between 0 and 1 (1 is the best fit).

IA: valueshetween 0 and 1 (1 is the best fit).

L! QY @l tdsSa 0Sis6SSy n FyR m 6m A& GKS o6Sai
KGE : values betweeh and 1 (1 best fit).

MBE: values betweei®,5 and +0,5 (0 best fit).
MAE: values between 0 and +0,7 (0 best fit).
CRM: values betweend and +1 (best fit).

MSE: values betweef,7 and +0,7 (0 best fit).
AIC/AIG;,: values between 0 and 10 (0 best fit).
BIC/BlGin: values between 0 and 10 (0 best fit).
HQIC/HQIGn: values between 0 and 10 (0 best fit).

= =4 =8 =4 -8 -8 -8 -f —fhoa oo
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In chapterg4 the performance otll the chesenindicators ha been investigated. It has been observed that

IA, 1Ae and IAin some cases show an inconsistent behavithat lead 8 LINBFSNJ GKS Y2RAT
Inconsistenciesvere observedalso in some casder KGE, CRM and.Rhepros and corof theseindices

have been presented extensivelydéhapter82_7 2 and, as said many timesheir combined use is the key

for a good simulation performance evaluatidn.thispreliminaryphase all these indices (IA, i 14, KGE,

CRM and § have ben considered because they are able to catch the global behawiothe groups of
inverse analysjswvhile their use for a hierarchical assification of thegroups/simulationgfrom the better

to the worst) is notrecommended because, for some input dates their values fail to identify
inconsistencies in the mod&ee chapteg4).

For each metric a validity interval has been defined (the best value could be a boundary of the interval or
stay within the interval). Table 21 shows, for each metric, a tlwaeur scale. If the value of the metric is
outside the associated range, the square is coloured in bright red, otherwise the square is coloured from
green to brown depending how close the metric is to the best value (green).

In Table 24, the groups of simulationare suldivided according tahe different hydraulic models: in the
table on the top the HVGM, in the centre the VGM and on the bottom the \2Gill. As mentioned earlier,
the HVGM2cm is excluded lmause the number of successful simulations thatsiubkes hydraulic model is
too restrictedin order to allow a consistergnalysidor the calibrationprogramme

Each group of inverse analysis is indicated with ithentification codel_1_xx 2" column)and with a
name including information an

91 the type of dataset used (wc, Phi¢c+PH)

1 the weighingdistribution (w=1; w=TMA)

{ the layer/s whose parameters are optimizedthe simulation(1* column)

InTable 24 all the 16metrics compare simulated data to observed dateer the whole simulation period
(2018 year) and the valuasf the metricsare reported andcoloured from greento red. If in a group of
inverse analysis more than 6 metrics are outside the validity rangesonsider that group unacceptable
The number of metrics that excesthe valid range is reported in th#d" column (the bright red colour
helps distinguistthese metricseasily).

Appling the rules just explained, the followiggoups of inverse analysisould be excluded from thaext
calibration phas€1® phase of the calibration)

HVGM_embankmentvc weight=TMA1_ 1 36)
HVGM_foundation_PH_weight=TMA 1 41)
HVGM_embankment+foundation_PH_weight=T{A1 45)
HVGM_embankment+foundation+fluvial Pkt weight=TMAL1 1 47).
VGM_foundation PH_w=TMA (1_R)4
VGM_embankment+foundation_PH_w=TMA (148)

VGM_emb w=TMA (1_137)

193 indirect simulations pago the next calibration phase.

Looking closelat Teble 24, other observations could beade
9 The hydraulic parameters of the embankment layer could be optimized in an effective way using
HVGV or V@M both with a PH ow.c. observationdataset as input.
1 The hydraulic parameters of the fluvial layer coulel dptimizedin an effective way using HVYGM or
V@M with aw.c. observationdataset as input.
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1 The hydraulic parameters of the foundation layer could be optimized in an effective way using
HVGV with aPHobservationdataset as input.

1 The inverse simulationshiat use the TMAT to allocate theweighs of the observationdataset
performworsewith respect to the uniform distribution of weights (weights equal to unity)

1 For the HVGM and VGM, N8k&d NSf have a relatively big dispersion of the values outside the
accepted range or very close to the thresholds. The same could be observedErMAE, MSE
(seeTable 24).

1 For the three hydraulic models (HVGM, VGM, V&), R has mostly values greater than 0,7,
suggesting a good fitetween observessimulated datasetThe joint use of Rogether withall the
other metrics stresses the limits of the use of this parametesiagleindicator often unable to
catch the real performance dfie simulation.

1 A part from thesevengroups ofinverse analysisxcluded, theothershave a low number of metrics
outside the valid range (low number of bright red cells), sign of a good quality of the simulations.

9 The model performance evaluationetrics (AIC, BIGIQICxshowa very lowscore forall 6 groups
of inverse analysis that are going to be excludd@tiis demonstrates that model performance
metrics could be used as unig set of indiceén the preliminary phase to individuatihe groups of
simulationswith a poor/insufficient performance.

AIC/ | BIC/ | HQIC/ n°<
NSE| 1A [ NSEi) WAa | NSE| 1A | MBE| MAE| IA" |CRM MSE[KGEl \cin | Bicmin HQ?Cmi R | threshold
Embankment_PH_weight=1 111] 09 1,0 1,0 0,8 0,9 0,9 1
Embankment_wc_weight=1 112 0,0 0,0 00 00 0,4 0,4 0,4 0
Embankment_PH_weight=1 1.13] 09 1,0 1,0 0,9 0,9 1
Embankment_wc_weight=1 114 0,0 0,0 00 00 0,3 0,3 0,3 0
Embankment_wc_weight=TMA 1_1 36 6
Fluvial_wc_weight=1 117 0,0 0,0 00 00 0.2 0,2 0,2 0
Fluvial_wc_weight=TMA 1.1.39 0,1 0,1 0,0 0,5 0,5 0,5 3
Foundation_PH_weight=1 1.1.9 2
Foundation_PH_weight=TMA | 1.1 41 9
Aquifer_PH_weight=1 1117 -0.1 10 10 10 0
Emb+found_PH_weight=1 1113 08 0,9 0,9 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0
Emb+foun_PH_weight=TMA | 1_1_45 7
Emb+found+fluv_PH+wc_w=1] 1.1 15| 0,8 0,9 0,9 0,9 1
Emb+found+fluv_PH+wc_TMA 1_1_47 7
Emb+fluv_wc_weight=1 1111 0,0 0,0 00 00 0,6 0,6 0,6 0
Embankment_PH_weight=1 115 09 1,0 1
Embankment_wc_weight=1 116 0,0 0,0 00 00 0,6 0
Fluvial_wc_weight=1 118 0,0 0,0 00 00 00 03 0
Foundation_PH_weight=1 1110 4
Foundation_PH_weight=TMA | 1_1_42 9
Aquifer_PH_weight=1 1118 -0,1 1,0 2
Emb+found_PH_weight=1 1.1.14| 08 0,9 0
Emb+found_PH_w=TMA 1.1_46 7
Emb+found+fluv_PH+wc_w=1] 1.1 16| 0,8 0,9 0,9 1
Emb+fluv_wc_w=1 1112 09 0,9 0,8 0,0 0,0 00 00 0,8 0
Fluvial_wc_weight=TMA 1.1 40 0,1 0,0 0,5 3
Emb_PH_w=TMA 1.1.37 6
Emb+fluv_wc_w=TMA 1.1 44 0,0 0,0 00 00 0,9 1
Embankment_wc_weight=1 1120 0,0 0,0 00 00 00 0
Fluvial_wc_weight=TMA 1124 08 0,0 0,0 00 00 0
Emb+fluv_PH_weight=1 1128 2
Aquifer_PH_weight=1 1134 -0,1 0
VGM+2cm_foundation_ PH_w#$11_1 26 2
1 1 1 1 1 1 0 0 1 0 0 1 1 1 1 1

Teble 24: Set of metrics applied to the diffemt groups of inverse analysia order to investigate the behaviouduring the whole
2018 simulation period. The last column reports the number of metrics that does not comply the minminthreshold set for
each metric.In red the groups of inverse analysis that have shown a poor performance, below the require threslhtold.
important to report that the following groups of inverse analysis have a n° of indirect simulation <3 withingheup: 1_1 4,
11 11,11 12,11 44,11 46,1 1 20,1 1 26 (2simulations);1_1 37,1 1 40and 1_1 28 (1 simulation).
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7_2_1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES

A preliminary evaluation of thavailable33 groups of inverse analysis has beeniedrout.A set of metrics
(accuracy, efficiency and model selection critehia$ been chosen and for each of them a threshskkt.
Metrics/indices are computedor each simulationon the whole simulation period in order to compare
observedsimulated d#&asets then an averagef the values assumed byach metricbetween the indirect
simulationsbelonging to the same group is computethis islegitimate because the simulations that
belong to the same group optimize the same layer, using the same hydnaadiel and the same weighting
distribution. In this preliminary phase it is interesting to look at the global behavior of the groups of indirect
simulations in order to exclude from the following phagesich look at the single indirect simulatioribl

ones thatbehave poorly. Moreover the modeler has an initial general idehthe performance ofthe
groups of simulations and this helpsgetthe score scale and the threshold values for the following phases
in which each indirect simulation imvestigaed with more accuracyln this preliminary evaluatign
metrics/indices that irchapter 46 @ LINSf A YAY I NB GSada 2y YisKowedSameRh Oa k .
cases inconsistent behaviouave been used This is becaustaey are able to give a generaldigation on

the performance of groups dhdirect simulationsout they will be excluded from the following calibration
steps because not able to evaluate singularly the indirect simulatioaking hard tocompare their
performanceand grading them on a st& (from the best to the worst)N°® 16 metrics/indices have been
computed for each group of inverse analysis &fth metrics values outside the valid randeterminethe
exclusionof the groupfor an insufficient performanceSeven groups of inverse ansily out of 33 are
excluded according to the selectigust exposedN°® 193 indirect simulations pass to the first calibration
phase (chapter 7_3)t has been observed that a part from the seven groups of inverse analysis excluded,
the remaining groups hava good/very good performance with a low number of metrics/indices below the
acceptedthresholds Moreover it has been observed that the Model Selection Criteria Metrics (AIC, BIC
HQIC) show an insufficient score for all the seven excluded groups ofénesalysis while for the
remaining groups a score always above the set threshold. This means that these metrics are a good
indicator for a preliminary evaluation dhe performance ofgroups of inverse analysist has been
observed also that a weightindistribution TMAT shows in all the caseg@orer performance of the
indirect simulations with respect to a weighting distribution with all the data equal to (wityl)

In the following subchapter 7_3 the first calibration phase is applied to each indirmulation: a set of
chosen metrics/indicess used to quantify the discrepancies between observed and simulated datasets.
While the pe-calibration phase is appligd groups of indirect simulations, the first phase is applied to the
single indirectsimulation in order to allow a direct comparison between them with the final purpose of
individuatethe best set/s of optimized parameters.

7_3 PERFORMANGEYALUATION ONDIRECBIMULATIONS HEFIRSPHASF
THE CALIBRATION PROCESS

The preliminary phase presented in chapte87_2, to evaluate the performance of groups ofverse
analysiscould be usefulvhen a large numberof indirect simulations is availabia orderto discardeasily
the ones that are below the expected performance dodusthe attention on a restricted number of
simulations. The advantageof performing this preliminary phasstays in the more efficient way of
investigating the remainingimulations saving time and having a first geneoaerviewon the limits and
potentialities of theavailablesetof indirect simulations.
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The newphase of the calibration procesisat is going to be presented, could be applied at the end of the
previous step to the purged pool of simulations or case of amallnumber of inverse analysito the
whole poolof indirect simulations (skipping the preliminary phad@ifferently from the preliminary phase
(chapter87_2), the first phase of the calibratidnvestigatesthe performance of each indirect simulation
and not the performance of the groups olverse analysis.

Indirect smulations performance is examined using statistic metriés scoringbased methodology is
developed and applied to the case study. The scaresgiven according to the ability eachmetric to
predict the performance of the siulation and according to the distance of w&lue from the best fitin
this first phase of the calibration procesthe attention is focused on the simulation output that is
comparedto the obsenation data; in other words the differences heeen obsered-simulated datasets
under scrutiny.

Metricsare used to interpret the performance of eaéhdirect simulationover the whole temporal period
(November 2017 to June 20)L&8nd over the 12 floogheakperiods(from A to N)and 12 offpeak periods
OFNRY2 ! RQUO - périkdS andJSHbelpk periods have been presented in chap8 1 and in
Figure 19. The investigation of the behaviour of thedirect simulations over the flood pegieriods is of
primary importance in a calibration phase in view of future stability analydich needreliable pwp
distributions. It is extremely important to avoid an evaluatiointhe performance ofhie simulationbased
only on the behaviour over the whole simulation pefidoecause it is not indicative of a good
representation of the peaks (flood periods) but often only of the-pwék periods.The set of
metrics/indices used in the first phase of the calibration could be used similarly for the evaluation of the
performanceof direct simulations when a reliable observation dataset is available.

The indices used to investigate thmehaviour of the indirect simulatianover the W ¢ K Zifniation
periodQdpethe following

f accuracymetrics the coefficient of determinatior® and F, the MeanAbsoluteError (MAE), the
Root Mean Square Error (RMSE) andMtaglified Root Mean Square ErrMIRMSE)hat considers
the weight associated to each measurement of the input dataset and the number of estimated
parameters,

1 -efficiencymetrics: the NashSutcliffeHficiencyCriteria (NSE), the modified forgf NSE (N9Ethe
Relative Efficiency Criteria (NQEG KS Y2 RATASR LY RS HBhe RIfgGuptd NB S Y &
efficiency (KGE),

1 -Model selection criteria the Akaike Informatior(riteria (AIC) the Bayesiarinformation Qriteria
(BIC)nNnd the Hannamnformation Criteria (HQIC)

The use of metrics has been associated to the usmother parametemwhich takesinto accountthe input

data(in terms of water ontent, pressure head ordih). It is preferableto considerapproximatelythe same

number of efficiency and accuracy metriosorderi 2 I A BS | WQO I fthe ped@riacO of S G f «
anindirect simulation

The metric used to investigate the flod@eakperiodNdnd Wff-peakperiodsQape the following
1 accuracy metricsthe coefficiens of determination(R and F), MAE, RMSE

M efficiency metricsL ! QF BKRIEE b {9

1

statistical significance criteriathe logicalt-test (to assess if the difference between sinteld:
observed values is statistically significant or not).
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As could be observed, a smaller number of metrscagplied to single time periods order to avoid the
confusion given by a high number of metrics to process for 24 different time periods &k2ppends and
12 offpeak periods).

tKS OK2AO0S 2F (GKS YSOiNAROa (G2 dz&aS ¥FStt 2y a!9 I yR
model performance, as they summarize in an easy way the mean difference between observed and
predicted data (Willrott, 1982). Rhas been included in the pool of metrics because it is worldwide used in
model evaluation and even though, in some cases, significant values (close to®oafdRbe misleading

because they do not correspond to equally good simulationthé majority of the cases’fs able to catch

the overall behaviour of the simulation and communicate this information in a very understandable way. Its

use together withother accuracymetrics, efficiency metricsand the significance test ensure to datc

possible misleading evaluationdodel selection criteria are not used in the evaluation of the performance

during the peak/offpeak periods becausas reported in chapteg2_7 2 5, these indices are suitable for a
comparison between models but not f@&2 YLJ NA a2y a8 WQAYAaARSQQ (KS &l YS

IA, 1A and 1A have been excluded from the chosen indices because, in some cases, an inconsistent
behaviair has been showior someinput datases (see chapteg4). Overthese metricsthe modified form

L lisQpreferred.The trilogycomposed ofNSE and its modified forms (N&Bd NSf) are used because
each of them hagarticularadvantages: the modified form NS&less sensitive to overestimation of large
errors while the relative form NSk avoids anover or under prediton of the higher values and law
influence of the lower values resulting in a better overall estimat®mglobally the efficiency indices of the

first phase of the calibration are NSE, NSBE I YR L! Qd® C2 NJ gokiracy crioria yriy3wael/ a
metrics have been chosen: RMSE and MAE. MAE is chosen o&tB®ibecauseerrors with different

signs cancel ouin ME as previously explained, while RMSE is preferred over MSE because more known
and usedin simulation evaluatin but substantially these two indices are equivalent (RMSE is the square
root of MSE).MAE is undoubtedly a bettemetric compared to RMSE but RMSE has the benefit of
penalizing large error¢due to errors that are squared before being averagethjat, in our case, is
extremely appropriateBoth the forms of RMSE are considered: the original one and the one that takes into
consideration the weights of the input dataset and the degree of freedom (for more information see
chapter82_7_2 ). Due to the highemformation content in the modified form of RMS&greaterscoreis

given to this parameter with respect to the original form (s€able 26). For what concerns the
coefficiens of determination, the two forms Rand ¢ are equivalent when the weights of the dataset are

all equal to 1, so only for the dataset with weights according to TMA both the formssace

GF

Despite some inconsistencies observed in chafgrthe KGE metric is used in the first phase of the
calibratin process. In factas demonstrated by Gupta et dR009 the KGE metricrepresents an
improvement of the widely used NSE criterion because it considers three different types of eroats
namely the variabilittbias mean biasand correlationresolvingseveral perceived shortcomings in NS.
Table 25 the scores associated to the different valuesf each metric are presented. As it is pibés to
observescorereduces as the value of the metric moves away from the best fi

R RMSE MAE L! Q
R>Q,50 0 RMSHL 0 al! 9xmzc |0 L! QXn 0
0,50<R<0,75 | 0,50 |0,50<RMSE<1 | 0,25 | 0,30<MAE<0,6 | 0,5 nfL! @F n|0,25
0,75<RKM 1 nZHpXwa{ 050 [al! 9N o |1 050 L ! T®f | 0,50

RMSE<0,25 1 L!' Qxn>T1|1

AIC BIC HQIC TYPE OF DATASET
AICKLO 0 BIGKLO 0 HQIGKLO 0 PRESS.HEAD | 1
7<AIC<10 0,25 | 7<BIC<10 0,25 | 7<HQIC<10 | 0,25 | WATER CONT| 0,50
noK! L/ XKT| 0,50 | HIBIOK 0,50 | HKIQIC<7 0,50 | PH+wc 0,75
AIC<4 1 BIC<4 1 HQIC<4 1
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KGE NSE NSE, NSEj (j=1)

YDOxnZT|l b{ 9Xn 0 NSEIK/ 0 b{9e2Xn |0

0,5<KGE<0,7 | 0,5 0<NSE<0,5 0,25 | O<NS[E<0,5 0,25 | O<NSEj<0,5 0,25

NIHpPFfFYDO25 |nzZp Xb{ 95050 |nxpnBK{x050 |nzpnXb{]|O050

n XY D9 Xn| 0 nZtpfrb{g1l 0,75<NSgXKm | 1 ntpfb{|l

Table25: Scores associates to the diffent values of each metric used in phase 1 of the calibration programme

In this first calibration phase each indirect simulation is examined (193 for the case study). The goal is to
assign a significant score to each indirect simulation in order to drae figal ranking that highlights the

best performing simulations.

To do so the type of input data and the accuracy of the simulation in describing flood aihobdfevents

are taken into considerationin the definition of the final score metrics/indicesd a system of weights
attributed to the single metric and to the different groups of metrics are used.

[ SGUa LINPOSSR adSL)I o0& a0GSL) G2 RSTAYS 2dzNJ a02NAy 3
LISNR 2 Ra Q05 Iy RISUNR2TRTA Q Q @

Foreach indirect simulation:
EVALUATION OF THE PERFORMANCE OWHHE SIMULATIGNERIOD

1 We evaluate the metrics which measure the distance between the model output and the observed
data on the whole simulation period {R*, MAE, RMSE, MRMSE, NSE;, NS,z L! QX YD9zZ

BIC, HQIC).
i Table 22 defines how to assign a score to each metric depending on the closeness of its value to the
best fit.
91 All the considered metrics are categorized into 8 major groups: see table 23a, first column.
f In Table 23aexond column{i K S & S} & &aith ntetric belonging to one of the 8 groups is set.
T LY ¢1F0fS Hol GKANR Qpaftrideved b eathig®updfimétact iSses SA IKG 0o
T LYy ¢l ofS Hol F2dzNT K g)@@ibutaYty gachimktc offie groups ise@&.A I KG 6
1 T 1 [equation13]]

The indirect simulation achieves the maximum score (5,5) if all the metrics obtain the best score (1) in
accordance witlTable 25.

[SGQa YIS ty SEFYLES O2yaARSNNSE. 2yfte GKS YSiNA
Assuming that NSE=0,85; N®E70; NSE=0,78, according torable 25 the scores are 1, 0,5 and 1
respectively.

¢ KS @I fide§ual20m,33 for the three metrics of group 4

¢t KS @I § de§roup &Fis equal to 0,5.

¢ KS @I §is#ualtcéro,5%0,33=0,17 for each metric of group 4

The score of group 4 «sp9 and the final score of the indirect sifation ( are the following in the
considered case:

O

i pzTip X TiX ®TEp X pzTip X T QU

i B i [equation132]
Where i is the number of groups of metrics.

EVALUATION OF THE PERFORMANCE GIEAKPERIODS
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Now the indirect simulation performance is investigated in the 12 flood periods, following a similar
approach.

1

We evaluate the metrics which measure the distance between the model and the data at a certain
flood event (R *, MAE, RMSE, NSE, NEBE;, t-test).

9 Table 22 defines how to assign a score to each metric depending on the closeness of its value to the
best fit.

91 All the considered metrics are categorized into 6 major groups: see table 23b, first column.

T LY ¢lFr0fS Hoo &S 02 yRof &@ehimenicyeonging td ong & hadgioups is set.

T LY ¢Io0fS Hoo (KANR Qpafridoeyth eadhig®updiimgtact iSsets SA I K i

T LY ¢lFofS Ho0 T2dzNI K s agribuded 6 Eachinfetiic b&ldngirg to one §faha K
8 groups is set.

1 We repeat the procedure for each flood period. At the end of the procedure we have 12 scores

’

one for each flood period. Table 25 gives the partition coefficienfa/@ights attributed to each
flood period) and the final score of the considered indirect simulation (is computed as follows:

B ®B i [equation133]

Where j are the number of flood periods (12);is the partition coefficientQs the number of grops of
metrics (6).

The indirect simulation achieves the maximum score (7,13) if all the metrics obtain the best score (1) in
accordance witiTable 25.

EVALUATION OF THE PERFORMANCE NFFPEEAK PERIODS

Now the indirect simulation performance is investigated at the 12pefik periods, following the same
approach specified for the peak periods.

The indirect simulation achieves the maximum rec¢?,38) if all the metrics obtain the best score (1) in
accordance witiTable 25.

Consequently an indirect simulation can achiethe maximum score of 15 (5,5+7,13+2,38).

A greater scorés givento the flood peaks pedds(7,13)compared to the scorattributed to the drops of
the river water leve(2,38)and to the whole simulation periofb,5)because proposed methodology targets
toward the final aim of the calibration which is the elaborationaofeliable pwp distbution in the most
signifiant instants of the simulation.

For a bank section in fingrained materialsas the one in the preseat case studythe most significant
instants of the simulatiorare the floods more persistent in time that reached medibhigh water levels.
Off less interest for futurestability analysis, the performance of the indirect simulations in thepafak
periods.Looking at the whole simulation periothn beinteresting because it could give amerall ideaon

the simulationperformance without going into details.

Thescoregiven to the floodpeakperiods 7,13 is subdivided among the different peakscording tathe
water height reachedndthe persistenceof the floodin time. The areaof eachflood has been measured
then divided for the sum of the areaf the 12 floodghat characterize the simulation period

Thepatrtition coefficientfor each flood is equal tfsee equation 34 and 135]:
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[equation 134]

o £-
p2 i)

& [equation 135]

where Ais the area underneath the curve in the grapmé -water height (m a.s.)n is the number of
flood-periods (12)In Figure 24 the areas of nindover 12)flood-periods ' I YS R ANPIMOYQ 4SS
Figure 20)are presented

The procedure adopted to evaluate the partition coefficients for thepefikperiods is the samepartition
coefficients are attributed according to the persistence of the period and the water level reached (floods of
minor entity and relevance with respect to the 12 peaks@servedn these periods).

To perform the inverse analystbe whole setf available monitoringpoints has been useid the objective
function in order to test the performancef the simulationin the predictionof the pwp and water content
distributionsin the different layers where sensoase available

InTable 26 a summary of the weights given to the chosertrics is reported. The tabie divided in the
gSAIAKGA IAGBSY (G2 (GKS aAy3atsS YSGUNARO&a 2F SI OK 3INEP dzL
to each group with rgsect to the other groups based on their relevance in the performance evaluation
OWQSEGSNYIE 6SA3IKGQQUL Ay GKS &aS02yR 0O2fdzvysz | yR
weight for the external weight for each metric in the third column. @ SE G SNy £ 6 SA IK{ & Q¢
of an equal subdivision of the weights between the group of metrics (efficiency metrics, accuracy metrics
and modelselectioncriteria) in order to have a final score for each simulation which is the equilibrated
resuili 2F GKS &d02NB 200GFAYSR F2NJ SFOK (@8L)S 2F YSUGNAXC
G2 GKS YFEAYdzy a02NB GKFEG  &AAYdZ GAz2y O2dzZ R KI @S
WOLIBIBNRA 2REQQS -peH| o yLISINANI REKOD 0w 2 F F

h (m asl)
h (m asl)
h (m asl)

TIME (min) X TIME (min) ; TIME (min)

) h(m as!)
h (m asl)

h (m asl) )

TIME (mln) TIME (min) ‘ TIME (min)

h (m asl)

h (m asl)
h (m asl)

TIME (min) TIME (min) ‘ TIME (min)

Figure24. Areaof each flood under the curvevater height(m as.l.)-time (hydrograph)
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InTable 27 the partition coefficiats ¢ are reported for each pickeriod. The pointd, for each periocare
calculated as follows:
If Sis the score related to the i_th flood, the final score related to the indirect simulation is:

Y B w3JY [equation 13]
The maximum score for theh peak-period:

i Ay & Xipo
B I AQy xipo [equation 13]

Similarly the maximum score for theh off-peak period is:

i Agy GXxfoy
B | A@Qy cloy [equation 18]

For each simulation, the points from tlealuation of the performance othe ¥ Q ¢ KighfilafionLIS NA 2 RQ Q
andonthe W Q Ladolf-peakperiodale summed.

The simulations whose final scaegreater than B/15 are considered acceptable and they will undergo
the second phase of the calibratipmogramme

It is relevanto notice that in the preliminary phagghapter87_2)no score have beengiven based on the
goodness of the values of the metricst has been chosen only a range of acceptance (e.g. for the
coefficient of determination Roetween 0,51 acceptable, betwen 00,5 not acceptable) while for the first
phaseof the calibrationthe score is in some way proportional to the goodness ofriedrics The main
reason is that the first phase is a refined method of investigation of the set of avaitaklse analysi The
main goal is the identification of the most promising simulasievhich will pas to the next calibration
phase while the preliminary phaseirgendedas a rapidnitial analysis,unable tohierarchiz the set of
simulationsbut select only the gnaps of simulationghat reach a minimum performance

r 05 0,5 1 0,5 0,5
RMSE RMSEqit 0,4 0,6 0,5 0,2 0,3
MAE 1 0,5 0,5
NSE NSE, NSE 0,3 0,3 0,3 0,5 0,17 0,17 0,17
L! Q 1 0,5 0,50
Type of measuremen{ 1 for PH, 1 1

0,5 for wc,
0,75 for
PH+wc
AIC BIC HQIC 0,3 0,3 0,3 1 0,33 0,33 0,33
KGE 1 0,5 0,5
am 5,50

128



r 0,5 0,5 1,43 0,71 0,71
MAE 1 1,43 1,43
RMSE 1 1,43 1,43
NSE NSE; NSE 0,3 0,3 0,3 0,71 0,24 0,24 0,24
LI Q 1 0,71 0,71
hIogic 1 1,43 1,43

ET 7.3

r 0,5 0,5 0,48 0,24 0,24
MAE 1 0,48 0,48
RMSE 1 0,48 0,48
NSE NSE; NSE | 0,3 0,3 0,3 0,24 0,08 0,08 0,08
L! Q 1 0,24 0,24
hlogic 1 0,48 0,48
2,38
Table26a,b,c Summary of the weightsttributed to the metrics forthe evaluation of the performance othe WQ 6 K2t S & A Y dzf |
LIS NRA 2 RIQQO foSFADIERNFO2 I8 QQ 6 & S QFFIR]  (1UIS NISDH R Theyideértaramight Twith eedp&itaithe
other metrics of the group), external weights (with respect to the other groups of metrics) and the final weight (attribtioed
each metic) are specified.
A B C D E F G H I L M N SUM
0,003 | 0,0004| 0,213 | 0,016 | 0,024 | 0,006 | 0,419 | 0,235 | 0,067 | 0,005 | 0,007 | 0,004
0,023| 0,003 | 1,518 0,115| 0,171| 0,041| 2,985| 1,675| 0,480| 0,039| 0,050 | 0,026 7,13
. | Al Bl @ | Do | R| G| HO| IQ | LQ | MQ| NQ |[SuM
0,4 | 0,12 | 0,05 | 0,25 | 0,06 | 0,03 | 0,03 | 0,01 | 0,04 | 0,11 | 0,04 | 0,11
0,33 | 029 | 0,12 | 0,60 | 0,24 | 0,08 | 0,08 | 0,04 | 0,09 | 0,26 | 0,09 | 0,26 | 2,38

Table27:The table showshe partition coefficients , which allow a subdivision of the poinits the different flood peakperiods
and off- peakperiods.
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In Table 28 the statidics of the first phase of the calibration are presented. The initial number of
simulations is 193, the number of acceptable simulations (with score >7,5/15) is 155 (80% of the initial
number of simulations). The 60,6% of the acceptable simulationg hascore between B; the 2%
between 911, 18,1% betweef1-13 and 1,3% between 185.

Max score 15
Threshold value 75
Initial n° of simulations 193
n° of accepted simulations 155
n° of excluded simulations 38
n° of simulations with score between-9 94
n° of simulations with score between-21 31
n° of simulations with score between 113 28
n° of simulations with score between 135 2

Table28: Statisticsof the indirect simulations tested in the first phasef the calitration process.

To performan easy and rapidomparison betweertthe results of thepreliminary phase anthe first phase
of the calibration, thegroups of inverse analysis could be considered instead of an analysis simulation by
simulation (very difficuldue to their high number)As reported in chapte87_ 2, consideringthe average
value of a metric as representative of group of inverse analysiss legitimate because the interval of
variance of these values is extremely limited within the same gfesgould be observed alsim Table
33) and for this reasothe averagevalueisa good indicator of th@erformance of a group.
Table 29 presents the number of successful simulations in egobup of inverse analysis that have
overcome the first calibration phase (third column) and the percentage of successful simulations in each
group with respect to the initial number (fourth columnThe fifth column presents the hydraulic
parameters optinged in each group of inverse analygis.could be observed rable29:
- -the higher percentage of successful simulations (that overcome the first calibration phase) is
observed for the VGM (87%) and the kvfor the VGM2cm (26%).
- -the higher percentage of successful simulations is observed for the HYGM using a mixed dataset of
observation points (wc+PHJ1%)and for the VGM using a PH dataset (81%). The perforrmsarice
the indirect simulations using a deget of typelW@ter contenQdpe poorer compared to the same
simulations that optimise the same set of parameters and using the same weighting distribution)
that use a PH or wc+PH dataset.
- -The use of the weighting distribution TMA assures the lowecgmiage of successful simulations
(23% for the VGM; 17% for the HVGM).
- -The VGM2cm shows the lower percentage of successful simulations (which means a poor
performance of the simulations) using both the weighting distribution w=1 (27%)and w=TMA
(25%).
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HVGM_emb_PH_w=1 111 13 100 Cs kN K m
HVGM_emb_wc_w=1 112 8 100 “s' rkn, bk m
HVGM_emb_PH_w=1 113 14 100 ‘s rknhh
HVGM_emb_wc_w=1 114 8 100 “s'rknhh,
HVGM_emb_PH_w=TMA 1.1 36 0 0 -
HVGM_fluv_wc_w=1 117 5 100 ‘s rkh
HVGM_fluv_wc_w=TMA 1139 3 100 ‘s'rk
HVGM_found_PH_w=1 1109 9 100 “s‘rkn,h
HVGM_found_PH_w=TMA 11 41 0 0 -
HVGM_aquifer_PH_w=1 1.1 17 9 100 ‘s’ rkn,hk,
HVGM_emb-+found_PH_w=1 1113 8 100 ‘s rkh
HVGM_emb+found_PH_w=TMA 1.1 45 0 0 -
HVGM_emb+found+fluv_PH+wc_w=1 1115 5 100 ‘rkhh,
HVGM_emb+found+fluv_PH+wc_w=TMA 1.1 47 0 0 -
HVGM_emb+fluv_wc_w=1 1111 2 100 ‘sh
VGM_emb_PH_w=1 115 12 100 ‘s’ rkn,h
VGM_emb_WC_w=1 116 5 100 “sknh
VGM_fluv_w.c. w=1 118 4 100 “skh
VGM_found_PH_w=1 1.1 10 12 100 “s‘rkn,h
VGM_found_PH_w=TMA 1.1 42 0 0 -
VGM_aquifer_PH_w=1 1118 13 100 ‘s rknh
VGM_emb+found_PH_w=1 1.1 14 7 100 ‘s rkn,h
VGM_emb+found_PH_w=TMA 1.1 46 0 0 -
VGM_emb+found+fluv_PH+wc_w=1 1116 8 100 ‘s rknh
VGM_emb+fluv_wc_w=1 1112 1 100 ‘s
VGM_emb_PH_w=TMA 1137 0 0 -
VGM_emb+fluv_wc_w=TMA 11 44 2 100 ‘s,k,nh
VGM_fluv_wc_w=TMA 1.1 40 1 100 k
VGM+2cm_emb_wc_w=1 1120 2 100 nh
VGM+2cm_fluvial WC_weight=TMA 1156 3 25 ‘skn,hr
VGM+2cm_emb-+fluv_PH_weight=1 1.1.28 1 100 k,n
VGM+2cm_aquifer_PH_weight=1 1.1 34 0 0 -
1
0,23
1

0,17

0,27

0,25

Table 29: The table presents the n° of indirect simulations in each group of inverse analygis have overcomethe first
calibration phase (third column) and the % of these simulations with respect to ihiéal number of simuations in the same
group (fourth column). In the last column the hydraulic parameters that are optimized in each group (we have to remember that
for the groups of inverse analysis that optimize more than one layer at a time, a set of optimized paramestetstained for each
layer). The groups of inverse simulations that present zero successful simulations (performance below the imposed threshold)
will be excluded from thesecondcalibration phaseas 1 1 36;1 1 41;1 1 45;1 1 47;1 1 42;1 1 46;1 1d3¥ dn34

Table30 presents the percentages of successful simulation for hydraulic model (HVGM, VGM2&GM
and layer whose parameters are optimized (embankment, fluvial, foundation, aquifer, embankineratHf
embankment+foundation, embankment+foundation+fluvial). As it is possible to observe:
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1 the HVGM has difficulties in the optimization of the hydraulic parameters of the foundation layer
(60% of successful simulations after applying the first phaséhef calibration) and in the
optimization of groups of layers (73% for embankment+foundation and 71%
embankment+foundation+fluvial). Almost the same percentagee observedior the VGM. The
difficulties encountered in the optimization of the foundation éaycould be linked to the lower
number of observation points/sensors located in this layer (3 sensors monitoring the water
potential) with respect to the other layergor the same reason the optimization of groups of layers
that include the foundation shas a poor performance (comparison between embankment+fluvial
and embankment+foundation)

9 No successful simulations optimizing 2 or more layers are available for the 2eiGMJInlike what
has been found for VGM and HVGM, the optimization of the hydraulianpaters of the fluvial
layer shove the greatest difficultiedor VGM2cm (although it must be emphasized the lower initial
number of indirect simulations available for this hydraulic model).

43(91%) 17 (94%) 2 (100%)
8 (100%) 5 (100%) 3 (25%)
9 (60%) 12 (67%) 1 (100%)
9 (100%) 13 (100%) 0
2 (100%) 3 (100%) 0
8 (73%) 7 (70%) 0
5 (71%) 8 (100%) 0
84 65 6
155
80%

Table30: Number of simulations that have overcome the first phase of the calibration subdivided for layer and hydraulic model
(HVGM, VGM, VGRcm). In round brackets the percentage of sifations that have passed the second phase with respect to
the initial number of simulations falling into that category.

InTable 31 the scores of the different grougs of inverse analysiare reported. For each group of irerse
analysis the scores of its successful simulations are summed.

Thethird and seventhcolumrs presentthe scores assigned to the groups inverse analysis the first
phase of thecalibration process The best score is the highest value while terst score is the lowest
valueanda chromatic scale from greefibest scorejo red (lower scorehelpsin visualiing the results The
fourth and eighth columsreport the exclaled groups of inverse analysis whose indigptulations do not
overcome the 1 calibrationphase The 7 groupsof inverse analysisxcluded in the preliminary phassf
the calibrationprocess(see chaptei§7_2) have been included in the analysis and acdoured in red(1™
column)(1_1_36;1_1 41;1 1 45;1 1 47;1_1 42;1 1 _46lad_37)

132



As it is possible to observe the scassigned to these grougnfirms againtheir poor peformancealso

in the first calibration phaselhe classificatiortarried out inthe first phase is more stringent than the one
operated inthe preliminary phase and globally the performance of thdirect simulations seempoorerin
this phase In fact, a part from the7 groups of inverse simulations excluded in the preliminary phase,
problemsin the performance of other groups of simulations are irtlixted in the first phase of the
calibration (as for VGM fluvial wc_ W=TMA, VGMt+2cm foundation_PH_w=1  and
VGM+2cm_aquifer_PH_wk1

This is due to the fact thahis phasdooks at the performance of the simulatisin the peak and ofpeak
periods separatd ¥ I A FA Yy 3 Y 2 Nierfow@mcd duihé floe@vertwhile i $he preliminary
phase only the global behaviour of the simulation was under scrufieyit is possible to observe Tiable

31:

1 The fluvial layer cold be optimized with good results using any investigated hydraulic meale|
any weightng distribution (w=1 and w=TMA).

1 The foundation layer shows difficulties in the optimization of its hydraulic parameters in all the
analysed casuistriggv=1 orw=TMA using HVGM, VGM or VG&tm).

I The indirect simulations that optimize the aquifer layer (saturated permeability) show a
performance sufficiently good (HVG$¥iows the highest scoye

1 The indirect simulations optimizingné embankment layer showhe best perfemance and with
greatprobability, this is due to the fact thaan higher number of sensors (monitoring wc and pwp)
isinstalled in this layer with respect to the other layefsgreater number of observation points
high-quality has, with absolute ceritaty, arelevantimpact onthe inverse analysis performance,
leading to a better set of optimized parameters.

91 Itis important to highlight that the groups of inverse analysis 1 1 22 and 1_1 25 that optimize the
hydraulic parameters of three layers togethshow a very good performancand this is a very
positive fact becausa good calibration programmshould aim to enhancéhe predictionsof as
many layers as possible in mddiyered domains.

9 As could be observe@3 groups of inverse analysjever 33)overcome the first calibration phase
(rejection of10 groups).

1 Looking at the groups of inverse analysis that do not overcome the first calibration phase, it is
possible to observe that 8/10 groups use a TMA weighting distribution and the remaining 2/10
groups use the hydraulic model VGdm. As observed also ifable 29, in general a poorer
performance of the indirect simulations is observed for the weighting distribution TMA (with
respect to all weights=1) and the hydrauthodel VGM2cm (with respect to VGM and HVGM).

Therepresentationof Table 31 allows to individuate the groups of inverse analysis that improve the most
the model performance. Due to the high number of investigated imdisemulations, it is often difficult or
impossible to look at the results of each single simulation and be able to draw general corstusibie
calibration programme, f.e where the major problems have been detected in the simulation performance
lookingat the values of the set of metrics.
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GROUP OF INVERSE ANALYSIS | 'PENT: SCORE™1 ACCEPTANCE
CODE | CALIBRATION PH

HVGM_emb_PH_w=1 111 ACCEPTED
HVGM_emb_WC_w=1 112 ACCEPTED
HVGM_emb_PH_w=1 113 ACCEPTED
HVGM_emb_WC_w=1 1.1.4 ACCEPTED
HVGM_emb_PH_w=TMA 1.1.36 REJECTED
HVGM_fluv_WC_w=1 1.1.7 ACCEPTED
HVGM_fluv_WC_w=TMA 1.1 39 ACCEPTED
HVGM_found_PH_w=1 119 ACCEPTED
HVGM_found_PH_w=TMA 114 REJECTED
HVGM_aquifer_PH_w=1 1117 ACCEPTED
HVGM_emb+found_PH_w=1 1113 ACCEPTED
HVGM_emb+found_PH_w=TMA 1.1 45 REJECTED
HVGM_emb+found+fluv_PH+WC_w=1| 1.1 15 ACCEPTED
HVGM_emb-+found+fluv_PH+WC_w=TINA1_1 47 REJECTED
HVGM_emb+fluv_wc_w=1 1111 ACCEPTED
VGM_emb_PH_w=1 115 ACCEPTED
VGM_emb_WC_w=1 116 ACCEPTED
VGM_fluv_WC_w=1 118 ACCEPTED
VGM_found_PH_w=1 1.1 10 ACCEPTED
VGM_found_PH_w=TMA 1.1 42 REJECTED
VGM_aquifer PH_w=1 1.1 18 ACCEPTED
VGM_emb+found_PH_w=1 1.1 14 ACCEPTED
VGM_emb+found_PH_w=TMA 1.1 46 REJECTED
VGM_emb+found+fluv_PH+WC_w=1 1116 ACCEPTED
VGM_emb+fluv_WC_w=1 1112 ACCEPTED
VGM_emb_PH w=TMA 1.1 37 REJECTED
VGM_emb+fluv_ WC_w=TMA 1.1 44 ACCEPTED
VGM_fluv. WC_w=TMA 1.1 40 REJECTED
VGM+2cm_embank_ WC_w=1 1120 ACCEPTED
VGM+2cm_fluvial WC_w=TMA 1.1 .56 ACCEPTED
VGM+2cm_foundation_PH_w=1 1126 REJECTED
VGM+2cm_emb+luv_PH_w=1 1.1 28 ACCEPTED
VGM+2cm_aquifer PH_w=1 11 34 REJECTED

Table31: Scores attributed to each group of inverse analysis in the first phase of the calibration. A coloured scale helps the
modeller to visualize the different performance (green for éhhigher performance, red for the poorer performancelt is
relevant to report that the groups of simulations 1_1_11; 1 1 12; 1_1 371 40;1_1 44 arecomposed of anumber of
successful simulatios>Xo

Table 32 helpsin understandng where the considered groups of inverse analysis spogblems in the
fitting between observed and simulated dafBo do so, the behaviour dlfie differentW €@ of metricf2 Q
(accuracy metrics, efficiency metrics and modééston criteria)is investigated for each group of inverse
analysidoy using our scoring strategy

¢t KS O2y aiRSNBR ,Wos NEntzhia sutified Yp& dhalJollowing Q
the accurag metrics for the whol@eriod: RMSE, MAE 2R

-the efficiency metrics for the whole periodNSE, NGENSE | L Q@

the model performane metrics for the whole periodAlIC, BIC,GIC

the efficiency metrics for thood peakperiods NSE, NGENSE ! L Q&
the accuracy metrics for the floqueakperiods:RMSEMAE, B

the efficiency metrics for the offeakperiods:NSE, NGENSE | L Q@
the accuracy metrics for the effeakperiods RMSE, MAEZ2R

=A =4 =4 =8 -8 -8 -9

A chromatic scale has been uskxa the ease of the table reading: green for the maximum score of each
group d metricsand red for the lowesscore As it is possible tobservethe efficiency metricshowlower
scores(poorer performance of the simulationsyith respect to the accuracy metrics) particular the
efficiency metrics of the offeakperiodswhich ae close to the lowelimit of acceptanceTable 32 helps
understandng where the problem related to a low performance of a group of metric stays f.e. the groups
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of inverse analysis that optimize the foundatiand aquiferlayers show problems in the simulation of the
flood peak period (see in particular the values of the accuracy metrics for the foundation layer and the
values of the efficiency metrics for the aquifer layeks observed also in the preliminary phase (¢bap
§87_2), in generalthe weighting distribution TMAhows a lower performance with respect to the simple
and uniform weighting distribution equal to unity (w=1). The model performance evaluat&irics have
scores closer to the lower edge for almost @hlé groups of inverse analysis that use the TMAT (only
exception VGM2cm_fluvial_wc_weight=TMA).

ACCURACY
METRICSYHOLH
PERIOD

HVGM_emb_PH_w=1
HVGM_emb_WC_w=1 112
HVGM_emb_PH_w=1 113
HVGM_emb_WC_w=1 114
HVGM_emb_WC_w=TMA 1.1 36

HVGM_fluv_WC_w=1 117
HVGM_fluv_WC_w=TMA 1139
HVGM_found_PH_w=1 119
HVGM_found_PH_w=TMA 1141
HVGM_aquifer_PH_w=1 1.1.17
HVGM_emb+found_PH_w=1 1113

HVGM_emb-+found_PH_w=TMA 1145
HVGM_emb+found+fluv_PH+WC_w=1| 1 1 15
HVGM_emb-+found+fluv_PH+WC_w=TINA1_1_47
HVGM_emb+fluv_wc_w=1 1111
VGM_emb+fluv_wc_w=1 1.1.12
VGM_emb_PH_w=TMA 1.1.37
VGM_emb+fluv_wc_w=TMA 1.1 44
VGM_emb_PH_w=1 115
VGM_emb_WC_w=1 116
VGM_fluv_WC_w=1 118
VGM_found_PH_w=1 1.1_10
VGM_found_PH_w=TMA 1.1 42
VGM_aquifer_PH_w=1 1.1 .18
VGM_emb+found_PH_w=1 1.1 14
VGM_emb+found_PH_w=TMA 1.1 46
VGM_emb+found+fluv_PH+WC_w=1 1116
VGM_fluv_wc_w=TMA 1.1 40
VGM+2cm_embankment_WC_weight=3 1_1_20
VGM+2cm_fluvial_WC_weight=TMA 1124
VGM+2cm_foundation_PH_weight=1
VGM+2cm_emb+fluv_PH_w=1

VGM+2cm_aquifer_PH_weight=1

Table32: The table presents the score attributetd each group of metricgaccuracy, efficiency, model selection criteria) foach
group of inverse analysim order to visualize easily whicgroups show problems in the fitting between observed and simulated
datases.

In Table33the attention is focused on the singiedirect simuhations(only a small part of the 19nalysed
indirect simulations argpresented herefor a sake of brevily The scoresof eachYgfbup of metric& Q
(accuracy, efficiency, model selection criteida@ reportedhere for eachindirect simulation.Some grops

of metrics do not show a change in the score between the simulations, this means that variations in the
values of the metrics are small enough to not change the score associated to the metrics. The positive
aspect is that at least one group of metricevays shows changesithin the samegroup of inverse
analysis The groups of metrics that show changes withi& same group of inverse analysige coloured in

blue. In the last column the final score obtained summing the score of each group of metsdseka
reported.

Table33a K2ga Of SI NI & ¢gKeé (GKS YSIy 2F G(KS @l tdsSa 27
behaviour of a group of inverse analysis (as dion€able31 and Table32): the metricsof the simulations

belonging to the same group are arranged in a narrow inteaval the scores associated to these metrics
accordingly differ only glhtly. Nevertheless we have to remember that the three phases of the calibration
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programme are applied to the single indirect simulation and the average behaviour of the groups of inverse
analysis is investigated for a need of general overview on theopaence of the whole set ahdirect
simulationsand for a need of reporting the main result of each phase in a comprehensive manner.

The first phase of thealibration is based on a scoring system which has the purpose of elingjfiatm

future phasestie simulations that show a performance lovtban a certain threshold.

The scoring method allowalsoa hierarchization of thandirect simulatiors (from the best to the worst)
thatis useful at the end of the calibratiggrocessvhenit is necessaryo establish the final set abptimized
parametersfor the investigatedhydraulicmodek. But, asseen inTable33, simulationsbelonging to the
same group of inverse analysis show often similar performances swder to perform an univocal
hierarchization, in phase 3 of the calibration, the scoring method will be substituted by a direct comparison
of the performance of each simulation with the performance of the base simulation (which uses the initial
set of tydraulic parameters)As already reported in the previous chapethe initial set of hydraulic
parameters is composed of the average value of each hydraulic property that come from the laboratory
tests performedon the soik of the bank section (evaporiat testsdiscussedn chapter83_2).In this way,

the enhancements in the model performance introduced by every indirect simulation wiidieiduated

by comparisong A 1 K I NB T S NB y T8 settad hydralific paamietgTOtaD shdw the greater
jdzr yGAGEF GA DS SyKFEyOSYSyid ¢AGK NBaLSOG G2 GKS WQN.
whole calibration programme.
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ACCURACY
METRICS-
WHOLE PERI

EFFICIENCY METR|PERFORMANCE
WHOLE PERIOD |EVALUATION-
WHOLE PERIOD

PH__HVGM_ EMBANKMENT

132 k 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137
134 ‘s 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137
135 n 1,375 0,833 0,500 1,310 1,697 0,441 0,813 6,969
137 nwet 1,375 0,833 0,500 1,310 1,865 0,441 0813 7,137
139 K, 1,375 0,833 0,500 1,310 1,013 0,441 0813 7,185
1310 Kk's 1,375 0,833 0,500 1,310 1,745 0,441 0,813 7,017
1311  kn 1,375 0,833 0,500 1,310 1,697 0,441 0813 6,968
1312 "'s 1,375 0,833 0,500 1,310 1,697 0,441 0813 6,969
1313 h'sk 1,375 0,833 0,500 1,310 1,865 0,441 0813 7,137
1314  hSskn 1,375 0,833 0,500 1,310 1,013 0,441 0813 7,185
1315 'r 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137
1.3.16  'rk 1,375 0,833 0,500 1,310 1,697 0,441 0,813 6,969
1317  h'skn'r 1,375 0,833 0,500 1,310 1,913 0,441 0,813 7,185
1313  'm, kwet,"wet 1,375 0,833 0,500 1,310 1,865 0,441 0,813 7,137
VWC_HVGM_EMBANKMENT

141 k 1,500 0,125 0,999 0,476 4,392 0,032 1,425 8,949
142 n 2,000 0,375 0,999 0,774 4,690 0,106 1,425 10,369
143 ‘s 1,500 0,333 0,999 0,585 4,690 0,080 1,425 9,613
144 ‘r 1,500 0,125 0,999 0,448 4,690 0,026 1,425 9,213
145 n 1,500 0,250 0,999 0,448 4,690 0,026 1,425 9,338
146 kn 1,500 0,417 0,999 0,816 4,392 0,090 1,425 9,638
147 k's 1,500 0,375 0,999 0,758 4,392 0,102 1,425 9,551
1417  w 1,500 0,125 0,999 0,448 4,690 0,026 1,425 9,213
PH_VGM_EMBANKMENT

152 3 1,375 0,833 0,4995 1,302 1,697 0,441 0,799 6,947
153 n 1,375 0,833 0,4995 1,302 1,697 0,441 0,799 6,947
154 ‘s 1,375 0,833 0,4995 1,204 1,697 0,441 0,799 6,939
155 n 1,375 0,833 0,4995 1,303 1,865 0,441 0,799 7,115
15209 K, 1,375 0,833 0,4995 1,302 1,865 0,441 0,799 7,115
155 k's 1,375 0,833 0,4995 1,302 1,697 0,441 0,799 6,947
1511  kn 1,375 0,833 0,4995 1,302 1,865 0,441 0,799 7,115
1512 n's 1,375 0,833 0,4995 1,302 1,745 0,441 0,799 6,995
1513 sk 1,375 0,833 0,4995 1,303 1,745 0,441 0,799 6,996
1514  hSskn 1,375 0,667 0,4995 1,303 1,697 0,441 0,799 6,781
1516  ‘rk 1,375 0,833 0,4995 1,302 1,689 0,441 0,799 6,939
1517  M'skn'r 1,375 0,833 0,4995 1,303 1,697 0,441 0,799 6,048
VWC_VGM_EMBANKMENT

163 n 2,000 0,375 0,999 0,774 4,690 0,106 1,425 10,369
164 ‘s 1,500 0,333 0,999 0,585 4,690 0,080 1,425 9,613
165 n 1,500 0,250 0,999 0,448 4,690 0,026 1,425 9,338
169 kn 1,500 0,292 0,999 0815 4,690 0,107 1,425 9,828
1610 Kk's 1,000 0,417 0,999 0,573 4,224 0,106 1,425 8,744
VWC_HVGM_FLUVIAL

172 K 2,000 0,750 0,999 1,178 3,361 0,241 1,133 9,663
174 ‘s 2,000 0,458 0,999 0,199 3,739 0,000 1,033 8,428
1710  k's 2,000 0,541 0,999 0,280 3,578 0,000 1,033 8,430
1712 h's 2,000 0,625 0,999 0,313 3,746 0,000 1,015 8,698
1715 'r 2,000 0,125 0,999 0,001 3,715 0,000 0,983 7,823
\VWC_VGM_FLUVIAL

184 s 2,000 0,458 0,999 0,313 3,739 0,000 1,000 8,509
1810 k's 2,000 0,458 0,999 0,313 3,739 0,000 0,983 8,492
1812 n's 2,000 0,541 0,999 0,313 3,720 0,000 1,015 8,589
1813 h'sk 2,000 0,625 0,999 0,389 3,596 0,000 1,023 8,631

Table33: Example of the scores attributed to each indirect simulatiobelonging to a certaf WQI3INR dzLJ 2 F inkhé S NRA S
first phase of the calibration In blue the scores that show a changgthin § KS &1 YS WQ3INER dzLJInZhe last Y @S N& S
column on the rightside, the sum of the scorefor each indirect simulation.
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7_3_1 PELIMINARY CONCLUSIONS AND FURTHER STUDIES

In the first phase of theproposed methodological approachthe performance of thesingle indirect
simulationis evaluatedvhile, in the preliminary phaséchapter 7_2)the performance of groups of inverse
analyss was under scrutinyThe first phase focuses on the differesceetween observeegimulated
datasetsby means of a selected set of metrics/indicAsscoringbase methodology is proposed to evaluate
the performance of thandirect simulations.A set of metics of typology accuracy, efficiency and model
selection criteria has been chosefhe performance of each indirect simulation has been investigated
separately in the flood peak periods, in the-p#ak periods (drawdowns) and globally on the whole 2018
simulation period.Points are given to the metrics based on the closeness to the best fiiitsRe scaled

for each simulation according to these weights:

SFOK YSUGUNRO KI a whigh isute agightivddmithi respe& fo Ik Gtttz Ometcs of the
same group (accuraay efficiencyor model selection criterigroup)

Sl OK YSGNRO KI & whighisthe SedighioSthelgiodp of gnStisH eibrigiowith respect
to the other group (accuracy, efficiencgndmodel selection critda groups)

-flood peakand offpeakperiods have different weigktbased on thé& persistence and hydrometric level
reached.

The maximum score associated with theod peak periods is 7,13; the one associatgth the off-peak
periods is 2,38 anthe scae associatedvith the whole simulation period is 5,5. The higher score attributed
to the peak periods is due tihe greater relevance ofeliable pwp distributiors during flood events tde
usedfor possible futurestability analysisUsing a scoring sy&@h to evaluate ingtect simulations allows to
obtain a ranking (from the best to the worst) of the available indirect simulasamhich allowto identify

the best optimized sets of parameters.The thresholdscore of acceptanceof the indirect simulationgs
7,5/15.80% of the initial number of simulations hagercomethe first phaseof the calibration and will
undergo thesecond phaseThe fist phase of the calibration process has been applied also to the groups of
indirect simulatios excluded in the mliminary phase in order to have a double chexk the results
obtained.These groups have obtained an insufficient score also according to the criteria of phase 1 which
are more stringent with respect to the onaslopted inthe pre-calibration phaseWhile the precalibraion
phase fixes onlyninimum threshold, the first calibration phase allowsgaantitative comparisonbetween

the investigated indirect simulations

It has been observed tihdhe HVGM with a mixed dataseind the VGM with a PH dataset asse the
higher percentage of simulatiarthat overcome the first calibration phaséhe VGM2cm assures with any
typology of dataset andny weighting distribution the lower percentage of successful simulations which
means apoorer performance.The perfornance of the simulatiogwhich usea wc dataseis in all cases
poorer with respect to the same simulatismwhich usea PH or a mixediataset. The same could be
observed for the indirect simulations that use the TMA weighting distribution with respecteighting
distribution equal to unity.

Moreover it has been observed thatvGMand VGMhave difficulties in the optimization of the hydraulic
parameters of the foundation layer and in the optimization of groups of laf@rdbankment+foundation
and embankmat+foundation+fluvial)due probably tothe lower number of observation points/sensors
located inthe foundationlayer with respect to the other layers. For the same reason the optimization of
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groups of layers that include the fodation shows a poor perfonance The indirect simulations optimizing

the embankment layer show the best performance and with great probability, this is due to the fact that an
higher number of sensors (monitoring wc and pwp) is installed in this layer with respect to the other laye
A greater number of observation points of higbality has, with absolute certainty, a relevant impact on
inverse analysis performance, leadingtbh@ identification ofa set of optimized parametersith a better
performance No successful simulatiommgptimizing 2 or more layerare available for the HVGI2cm, which
assures in all cases a poorer performance compared to HYGM and VGM.

In chapter 7_4, the indirect simulations that have overcome the first calibration phase will be tedtesl
second phas of the calibrationwhich focuses on the results of the inverse analysis (the optimized
parameters) looking closely to the last iteration of the model.

7_4 PERFORMANCE EVALUATION OF INDIRECT SIMULATIONS: THE SECOND PF
OF THE CALIBRATION PROCESS

In the second phase of the calibration procefise focus is moved to the optimized parameters and the
goodness of them. The attention is restricted to a smaller group of simulations (thanks to the previous two
phases) to allow an idepth analysis of the indicé problem output.The indirect simulations that do not

fulfil the threshold imposed in the first calibration phase are removed from the set of analysis to be
investigated in the second phase.

Due to the fact thathe goal of the second phase of the catition process is different from the first one
other indices and metrics are usetthe evaluation.

The first phase of the calibration process focuses on the quantification of the departure of the model
output from observed and experimental measurementsing various statistical and efficierbgsed
indices/indicators and statistic test® judge the model performance. The second phase of the calibration
process focuses on the ressitif the inverse analysis, on the optimized parameters, looking clasdhe

last iteration of theinverse analysjswhich types of calculation error have been made, the uskafined
tolerance to which the iteration process stops, the level of correlation between the optimized parameters,
the range of values that is likely foclude the true value of the parameter with a certain degree of
confidence. A good fitting between simulatethserved datasets cannot always guarantee a good
estimation of the parameters in the indirect problem, from this the necessity to perform alsosthacond
phase of the calibration process.

The adopted indices for the second phase are the following:

-the 95% Gonfidence Interval: The 95% confidence interval is calculated based on the evaluation of the
objective function to assess its sensitivityagarticular parametein its minimum. The confidence interval

thus reflects the quality of the input dataset and the sensitivity of the model to the optimized parameter/s.

The precision of the estimated parameters is assessed through confidence interdal gertain
hypothesis: the model error is zero, uncertainties are due only to measurements errors, inverse solution is
converged to global minimum. Under these assumpiibiis possible to estimate the 95% confidence limits

andthe parameter standard déation value.

For eachindirect simulation the 95% confidence intervl 6 SG ¢SSy (1 KS cdnfdénSelnditl Yy R d:
of each optimized parameter is computed. Then tRange of Variation (ROV)of the parameter in
percertage is calculated as follows [egien 139]:

2/ 6 —zzpnm [equation 139]
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The range of variation is compd for each optimized paramet@&f the simulation th@ the score is given
according to the amplitude of the range of variaton.¥ np A& yIFNNRgzZ GKSy (GKS
parameter and other values will not produce as good a fit.

-the MassBalance Eor (ME} It gives an indication of the accuracytiwivhich the finite difference matrix
equations are being solved. Usually a value of mass balance below 1% is considered accurate. Score is given
to eachindirectsimulation according to the value of mass balance error of the last iteration of the inverse
problem. The lower the mass balance erriie greater the score given to the simulatioA necessary but

not sufficient condition for solution accuracy stays in the ability of a numerical model to conserve the mass.

A model that shows a poor mass balabedhaviour is affected by uncertainties in the model predictions.

-the Correlation (efficient of the Parameters (CC) parameters correlation means that a group of
parameters are mathematically related to each other in the model equations through somécitmpl
functions. A high correlation between two parameters means that the parameters cannot be uniquely
estimated, in other words more than a single parameter leads to the same response of thed (mwore

than one combination of the parameters values proesica good fit). If the correlation between two
parameter is low, it means that each parameter acts independently and is not influenced by the value of
the other parameter.

A score is given teachcouple of optimized parameters according to the valdfiéts correlation coefficient.
Thenfor each indirect simulation, the lower score (attributed to the couple with the higher correlation) is
considered as representative of the whole simulation. This is penalizing for the indirect simulations that
show few coufes of correlated parameters but highlight the performance of simulations with no
correlations or very low correlatiorisetween the couple of parameters.

According to Clay (2008) a value of correlation betweerRO(B6means a strong correlation, a value80
means a very strong correlatiolf model paameters are not well determinednodel predictions are not

well determined tog from all this the necessity to evaluate which parameters are identifiable thus inferring
which model predictions are feasible. Bigh correlation manifests itself with a slowdown in the
convergence rate, an increase in Roniqueness and parameter uncertainty.

If a strong correlation between couple of parameters is detected, it means that the parameters could not
be optimized togéter but it is necessary to deterngrthem independently or to changbe input dataset

of observation point§Simunek et al, 2012).

There are two types of correian parameters:

-structurally nonidentifiable parameters this correlationis related tothe model structure independeht

of the experimental data. The set of structurally non identifiable parameters may be varied without
changing the observation dataset, hence keeping the objective function constant. This means that these
parameters are nouniquely identified. Confidence intervals of a structurally non identifiable parameter
are infinite [k = bk8 Ay (GKS f23FNAGKYAO LI NI YSGSNI aLl O0S
always finite confidence limitsDue to the fact thatstructurally nonidentifiable parameters are
independent of the experimental dataset accuracy, therrelation could not be resolved reducing
measurement errors or changing the input dataset. No work could be done by the Imotietesolve the
non-identifiability of theseparameters (Raue et al, 2009).

-practical nonidentifiable parameters the nonidentifiability could be remediated by data improvement.

This type of correlation arises when the amount and quality of the experimental data is insufficient.

| @RNXzA OF f Odzf  1S&a WQIFaaYLWi2GdA0 O2yFTARSy @functioy, i SNIJ I
the Hessian matrixFrom this type of confidence intervals it is not possible to infer practical-non
identifiability (Raue et al, 2009). As done in Hydrus inverse problem, practicafl@atifiable parameters

are detected using the Jacobian ma that is determined for only the optimum parameters set with which
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the correlation matrix is built describing the behawimf the objective function in its minimum (Hopmans

et al,2002).

A graphical way to visualize the behavi@f the inverse proble is creating contour plots of the objective
Fdzy OliAzy F3rAyad I O02dz2X S 2F 2LIGAYAT SR LI NIF YSQGS
equation for many combination of the couple of optimized parameter within a certain variation range,
while the rest of the parameters are constant. Due to the fact that just caupfeparameters are
investigated, a 2D parameter space is obtained as cross section of the full parameter space. To study the
behaviairr of the whole parameter space it is necesstargalculate the response surface for all the possible
couples of parameters. Only a partial evaluation is possible looking at few response surfaces. Response
surfaces are able to show the presence of local minima, well defined global minimum, problems of
parameter correlation and neaniqueness of theolution (Hopmans et al, 2002).

In from Raue et, al (2009), three possibilities of response surfaces are presented. The white lines
represents the 95% confidence regs, while the white star the optimal parametegstimation. Case A in

which a structural nofdentifiable couple of parameters resslin a perfect flat valley infinitely extended

along the corresponding functional relation between the couple of paranset€he confidence region is
infinitely extended in both the directions. Case B represents practicaidentifiable couple of parameters
aK2gAy3 | O2yFTARSYOS NS IBAYL kAW FAYAAST §f LINSGEAISSHURES Ri KF
of two identifiable parameters.

Figure25:. Three possibilities of response surfaces are presented: case A presents the contour plots of the objective function of a
structural nonridentifiable couple of optimized parameters, case B of a piaat norridentifiable couple of parameters and case

C of two identifiable parameters. In white the confidence intervals of each couplee white star represents the optimal
parameters estimation Figure from Raue et aPQ09.

-the Smulation Tolerance(ST): the iteration process used to solve the Richards equation at each time step
stops when the absolute change in pressure headsater content) between two successive iterations is
lower than the tolerance decided by the user. When convergence is rtatr@a in the indirect problem,

the imposed tolerance is increased until reasonable values. Score is given to each simulation according to
the value of the simulation tolerance usadthe last iteration of the inverse analysis

-the Number of Optimized Parameters (NOP) a higher score is given to simulation that optimize more
parameters at a time. The optimization of two or more parameters together is computationally more
difficult for the codeleading toproblems ofconvergenceor of parametersidentifiability. Despite thatthe
optimization of more parameters at a tinis extremely useful in order to investigate the combined effect
of parameters on the simulatiooutput. Usually problems of correian betweenparameters increase
increasinghe number ofoptimized parameters.

-n { { the difference between the sum of the square residatthe zero iteration (with the initial set of
parameters)and at the last iteration (with the optimizedet of parametes) is used in the second phase of

the calibration to assess thenhancementof the model outputin terms of observeditted dataset. The
EFNESNI 0KS p{{vs (KS INBlatibrdNgutigsd is At hedaBedi3he Shjedtiver v (i
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function, it isused to assess the agreement between experimeataervable datasstand to governthe
FYR p{{v FNB OIf OdzA I SR

inverse problem through its minimizatiof.
"Y'YO B @ ®
WYY B [ 8 8

where i=1.n, nis the number of observed dat@ NS 4§ SNJ 6§ KS n{{vzx

indirect simulation.

-the Number of Iterations (NIT) a higher score is given to simulations that performed a higher number of
iterations in the inverse analysifn each iteration, Hydrus solves the governing equation using updated
parameters, the values of the parameters become increasingly different from the initial dataset with each

and every new iteration.

{v

B

®

®

[equation 140]
8 [equation 141]

-Sandard Eror Qoefficient (SEE TheSandard Eror Coefficient gives an indication of how precisely the
model estimates the unknown value of the optimized parameter. The smaller the SEC, the more precise the
estimation.SEC is directly proportional to the standard error of the regression and inverselyrponal to
the square root of the sample size. This means that the use of a larger amount of data could possibly
reduce the standard error. The standard error of the regression is calculated as follows [equation 142]:

i —B Q

GKSNB ATmXy I y AtldeerioKS
To assess if the estimation of the parameter is enouggtipe, it is hecessary to compas&QGwith the
value of the parameter: if they have the same order of magnitude, it could be stated thairéoesionis

poor. A more mathematical way to verify the degree of precision of the optimized parameter is kiging t

al YLX S aa

[equation 142]
IS IyrR §

statistic ttest or the pvalue(see82_7_2_4)Dividing the parameter for its standard erfahe tvalue is
obtained. If the tvalue is lower than the critical value obtained from theistribution table, it is not
possible to declare a statisticaiffidrence (Ho is not rejected) that means that the parameter is not
accurate and it could not be estimated from the equations system. The same conclusion could be obtained
0KS 02 Y&ve gt signBddrsé)rithezdcond phase of

from the pvalue when comp&@ R i 2

the calibration, the pvalue is calculated starting from the standard error coefficient for each optimized

parameterof the simulation, then thanax ofthe p-values of each simui@an is computed. Score is given to

the simulation according to this valuti.the maxp-@ | t dzS A a

statistically significan(Ho rejected) YR F2 NJ (KA a NBI a

toward higher valueghe score decreases.

In a summary of thescoring strategyor each metric considered in the second phase of the calibration is

@e2ebob dighificdateyhe test is
2y GKS YI EAYdzy

presented. The maximum scoadtributed to the best fit ofeach metric is 1 so theaximum score thaan
indirectsimulation could achieve is 8. The lower acceptability score is 4.

Number of optimized parameter§NOP) Simulation tolerance (ST)
NOP=1 0 S™),5 0
2RORA4 0,5 0,DI8TKR,5 0,25
NOBid 1 0,075 ¢ XXn X 0,50
0,059 ¢ XXn X n 1
Mass error (ME) Number of iterations (NIT)
ME>0,1 0 NIT=1 0
0,05H1E1,1 0,25 1<NIDH§ 0,25
0,0DH1E<0,05 0,50 4<NITH8 0,50
ME<0,01 1 NIT>8 1
n{{v ROV(Range of Variation)
o { P \ 0 0YIROVR,5% | 1
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5nSSQHO 0,25 2,5%<RO}§% 0,50
10<nSSQHK5 0,50 5%<ROVWH 0% 0,25
15<nSSQRO 0,75 ROV>10% 0
nSS@20 1
Correlation coefficient (CC) p-value
0XCCH),35 &-n 2~ 0 piRK/ / 1,0 pv),05 1
0,324 CK),60 &-n 2 ¢ MY, 36 0,5 0,032vAQ,1 0,50
0,6(KCCK),80 &-n X y MY,60 0,25 0,1<pvig),2 0,25
CC>0,8 & CRD,8 0 pv>0,2 0

Table34: Allocation of the scores for each metric/index considered in the second phase of the calibration process proportionally
to the distance from the best fit of the metric/index.

For the presented case study3% (81) of the initial number of simulations (155) bdeen acceptedthe

sum of the scores of eadhdirect simulationis greater than 4vhich is considered as the thresholiah, a
summary of the number of the simulations thavercamethe secom phase of the calibration. As it is
possible toobserve,the HVGM is the hydraulic model with the highest numbesudcessfusimulations,

while VGM+2cm has the lowest value, due to an overall difficulty in the convergence and a poor quality of
results d the inverseanalysis The embankment layer has the highest numbersatcessful indirect
simulationsdue to a greater number of simulations performed with respect to the other layers dadja
datasetof observation points used itne inverse problemln round brackets the percentage of simulations
that have passed the second phase of the calibration with respect to the initial number of simulations
falling into each category. The embankment layer and the groups of layers (embankment+fluvial;
embankmenm+foundation; embankment+foundation+fluvial) show the higher percentages of indirect
simulations that have passed the second calibration phase (percentages from 60 to 100%), the only
exception is for the HVGM the groups of layers embankment+foundationalfl(20% of successful
simulations). The VG#cm will be excluded from here on out because the restricted number of
simulations that have passed the first phase, have shown an insufficient quality in the second phase. It is
relevant to notice that the secwl phase of the calibration has proven to be more selective and stringent
with respect to the first phase despite it was focused on addpth analysis of the observesimulated
dataset. In fact in the first phase, 155 indirect simulations over 193 pahsegklection (80%), while in the
second phase 81 over 155 (53%). Moreover it has to be remembered that the second phase of the
calibration acts on a set of simulations already purged from the ones with a poor performance so the
average performance is higr with respect to the first phase.

n° of indirect simulations for the

optimization of the embankment 26 (60%) 12 (71%) 0
layer
n° of indirect simulations for the

0, 0,
optimization of the fluvial layer 2 (25%) 0 1(33%)
n° of indirect siulations for the
optimization of the foundation 4 (44%) 4 (33%) 0
layer
n° of indirect simulations for the 2 (22%) 6 (46%) 0

optimization of the aquifer layer

n°® of indirect simulations for the
optimization of the 2 (100%) 2 (100%) 0
embankment+fluvial layers

n°® of indirect simulations for the
optimization of the 6 (75%) 5 (71%) 0
embankment+foundation layers

n°® of indirect simulations for the
optimization of the

1 (20%) 8 (100%) 0
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embankment+foundation+fluvial
layers

39 36 1
81

53%

Table35: Number of simulations that have passed the second phase of the catlibn subdivided for layer and hydraulic model
(HVGM, VGM, VGNcm). In round brackets the percentage of simulations that have passed the second phase with respect to
the initial number of simulations falling into that category (f.e. the % of indirect silations optimizing the embankment layer
using a VGM is calculated with respect to the n° of simulations optimizing the embankment layer using the VGM that have
overcome the first calibration phase).

In other statisics of the groups of inverse simulations that have overcome the second phase of the
calibration are presented. Some conclusions could be drawn from the presented table:

9 The groups of indirect simulations that use the TMAT have shown a very poor perferimanath
the calibration phases. The number of simulations which use the TMAT and which have overcome
the second calibration phase is very reducédst 3 groups of inverse analysis have overcome the
2" calibration phase (1_1_39 for the HVGM, 1_1_44tler VGM and 1_1_24 for the VGR¢m)
and it is relevant to report that all these groups optimize the hydraulic parameters of the fluvial
layer.We can conclude that the TMAT has not been able to guarantee good results in the indirect

problem.
1 Few groups ofnverse analysis that optimize more than one single layer have overcome both the
calibration phases: embankment+foundation_PH (HVGM, VGM) and

embankment+foundation+fluvial_PH+wel{YGM, VGM).

9 The hydraulic model that shows the higher percentage of acceptendlations is the VGM33%
with respect to the number of simulations of the same typology that have overcome the previous
phase.

9 The indirect simulations with a pressure head input dataset show the higher degree of acceptance
(75% for the HVGM an81% forthe VGM).

9 The indirect simulations with a water content input dataset show a low degree of accep#iite (
for the HVGM an®4% for the VGM). We can state that the pressure head dataset allows to obtain
better results in the inverse estimation of hydrautiarameters in the preseatl case study.

f C2N) GKS | +Da (GKS 2LIGAYAT I GA2,)K) B ExtrdmEBdifficudt andl S NS G |
any simulation optimizing the parameters of the wetting curve have overcome the second
calibration phaseThis could be explained remembering the resultsaiiid in chapter 86 1 in
which the hystereticbehaviour of the bank section has been investigated and just limited effects
due to the adoption of an hysteretic model to represent the river bank behaviour have been
identified.

1 Aquifer (HVGM), fluvial (VGMipundation (VGM) and embankment+fluvial+foundation (HVGM)
are the layers that have obtained the lower percentage of simulations that have overcome the
second calibration phase. With great probability the availability of a lower number of observation
points for the layers different from the embankment assures a poorer performance of the inverse
analysis as could be read from the differences between the percentage of successful simulations of
the embankment and of other layers (fluvial, foundation, aquiféje combined optimization of 3
layers together results in an high complexity for the Levenb®tgrquardt algorithm that could
explain the difficulties in the indirect simulations convergence for couple and triplet of layers.
Maintaining a lownumber of ftting parametersas in the majority of the groups of inverse analysis
that have overcome both the calibration phasésads to a better performance of the inverse
analysis, in agreement witthe findings of Simunek et a2@01) and Hopman et al2Q02. In fact

144



the uncertainties are reduced when a limited number of hydraulic parameters are optimized.
Moreover a decrease in the number of parameters assures to reduce thaimigaoeness of the
solution in the inverse problem (Hopman et al, 2002).

The hydrauti parametersof the fluvial layer have proven to be the most difficult to optimize. The

|l +Da Fff2ga GKS 2LIWGAYATIFGAZ2Y 2F Yaz & LI NI Y
successful simulations. The combining optimization of the fluvial layer ofliar layers allows to

obtain better results as for the group 1_1_16 (embankment+foundation-+fluvial).

Two groups of inverse analysis (1_1_8 and 1_1_20) are rejected in the second calibration phase due
to the fact that none of the indirect simulations th&elong to the groups show a sufficient
performance. At the end of the second phase of the calibration, 20 groups of inverse analysis will
be tested in the third calibration phase (11 groups HVGM, 8 groups VGM, 22¥i@Mero HYGM

2cm).

HVGM_emb_PH_w=1 111 11 0,85 nkhts'r
HVGM_emb_WC_w=1 112 3 0,38 kh,‘r
HVGM_emb_PH_w=1 113 10 0,71 nkh,‘s‘r
HVGM_emb_WC_w=1 1.1 4 2 0,25 k,h,‘'s
HVGM_fluv_WC_w=1 117 1 0,20 ks
HVGM_fluv_WC_w=TMA 1.1 39 1 0,33 S
HVGM_found_PH_w=1 1109 4 0,44 kh ‘s‘r
HVGM_aquifer_PH_w=1 1117 2 0,22 kh,'s‘rn
HVGM_emb+found PH_w=1 1113 6 0,75 kh, s r
HVGM_emb+found+fluv_PH+WC_w=1 1115 1 0,20 k‘r
HVGM_emb+fluv_w=1 1111 2 1,00 hits
VGM_emb+fluv_wc_w=TMA 1.1 44 1 1,00 nkh,s
VGM_emb_PH_w=1 115 10 0,83 nkh,‘s"‘r
VGM_emb_WC_w=1 116 2 0,40 k,h
VGM_emb+fluv_wc_w=1 1112 1 1,00 ‘s
VGM_found_PH_w=1 1.1 10 4 0,33 nkh, ‘s‘r
VGM_aquifer_PH_w=1 1.1 18 6 0,46 nkh, ‘s r
VGM_emb+found_PH_w=1 11 14 5 0,71 nknh,s*r
VGM_emb+found+fluv_PH+wc_w=1 1116 8 1,00 nkh,'s'r
VGM_fluv_w.c._w=1 118 0 0,00 -
VGM+2cm_emb_wc_w=1 1.1.20 0 0,00 -
VGM+2cm_fluvial_WC_weight=TMA 1124 1 0,33 nkh,‘s
% of accepted simulations_VGM 0,63 % of simul_VGM_w=1 0,59

% of accepted simulations HVGM 0,51 % ofsimul_VGM_w=TMA 1,00

% of accepted simulations_VGM+2cm 0,33 % of simul_HVGM_w=1 0,52

% of accepted simulations_HVGM_PH 0,75 % of simul_HVGM_w=TMA 0,33

% of accepted simulations_HVGM_wc 0,43 % of sim_VGM+2cm_w=1 0,00

% of accepted simul_HVGM_wc+PH 0,20 % of simul_VGM+2cm_w=TMA 0,33

% of accep. simulations_VGM_PH 0,81

% of accep.simulations_VGM_wc 0,64

% of accep simul._VGM_wc+PH 1,00

Table 36: The table presents the n° of indirect simulations in each group of inverse analysis that have overcome the second
calibration phase (third column) and the % of these simulations with respect to the number of simulations in the same group
that have overcome the first calibration phase (fourth column). In the last column the hydraulic parameters that are optimize

in each group (we have to remember that for the groups of inverse analysis that optimize more than one layer at a timeph set
optimized parameters is obtained for each layer). The groups of inverse simulations that present zero successful simulations
(performance below the imposed threshold) will be excluded from the third calibration phase.
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As done in the first phase of theldaation, the average score tifie consideredmetrics are computed for
each group ofinverse analysignd reported in. As already mentioned} is legitimate to consider the
average points for each metric because thmelirect simuations bebnging to a group us¢he same
observation dataset and optimize the hydraulic parameters of the same laffmrt in different
combination) Moreover the values of the metrics of the simulations belonging to a group of inverse
analysis fall in aarrow range.

Asit is possible to observe in

1 the groups of simulatiomwith the higher scog are the ones that optimizéhe embankment
(HVGM) the embankment+foundatioHVGM and VGMjhe embankment+fluvial (HVGM, VGM)
the embankment+foundation+fluvial layer&/GM).

 the average scores of the groups of inverse analysis (ranging betwgén the pre 2" phase) are
quite low compared to the maximum score (8)eports the score attributedd each group of
inverse analysis after the elimination of the indirect simulations (p8SpBase) that do not fulfil
the imposed threshold, as could be observed all the groups show an enhancement of the
performance as expected. The new range of the sedgbuted to the 2 phase is between 4
6,3.

9 as already mentioned, only four groups of inverse analysis have been excluded (zero successful
simulations after the 2 phase of calibration): 1_1 8 and 1_1_40 for the VGM and 1_1_20 and
1 1 28 for the VGMcm.

1 a general low score has been observed for the mass error of the inverse analysis using the VGM,
sign of a low solution accuracy (uncertainties in the prediction).

1 a general low score attributed to NIT (number of iterations) for almost all the grotipsverse
simulations suggests that the optimized sets of hydraulic parameters differ only slightly from the
initial set of parameters due to a reduced number of performed iterations. In fact in each iteration
of the inverse analysis, the value of the paeters to optimize are changed increasingly from their
initial value.

9 the high scores of the groups of inverse analysis attributed to thialpe suggest the ability of the
system of equations to estimate singularly the optimized parameters (Ho rejected).

9 the high scores attributed to the simulation tolerance of the groups of inverse analysis HYGM and
VGM are proof of the precision with which the inverse problem has been solved. Similarly the low
values of ST for the VGM+2cm simulations suggest a low agcofséhe obtained sets of optimized
parameters.
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AVERAGE AVERAGE
lggg}; NOP | ME NIT ST | Rov | p-value | cC | pSSQ|sScorE PRE|SCORE POST| ACCEPTANC
PHASE PHASE
HVGM_emb_PH_w=1 111 0,4 0,2 0,1 0,9 1,0 1,0 0,3 0,6 4,5 4,7 ACCEPTED
HVGM_emb_WC_w=1 112 0,6 04 0,3 0,5 04 1,0 0,1 0,5 3,8 4,0 ACCEPTED
HVGM_embankment_PH_w=1 113 0,4 0,1 0,1 0,9 0,9 0,9 0,4 0,5 43 4.8 ACCEPTED
HVGM_embankment_wc_w=1 114 0,1 0,3 0,3 0,8 0,6 1,0 0,2 0,0 4,0 ACCEPTED
HVGM_fluvial_wc_w=1 117 0,2 0,2 0,3 0,7 0,3 0,8 0,3 0,2 - 53 ACCEPTED
HVGM_fluvial_wc_w=TMA 1.1_39 0,0 0,1 0,3 0,6 0,5 1,0 0,0 1,0 3,5 43 ACCEPTED
HVGM_foundation_PH_w=1 119 0,3 0,2 0,1 0,8 0,6 0,9 0,4 0,6 3,9 4,8 ACCEPTED
HVGM_aquifer_ PH_w=1 1117] 05 03] 00| 10] 10 1,0 0,0 0,0 3,8 43 ACCEPTED
HVGM_emb+found_PH_w=1 1.1.13]| 08 0,1 0,2 0,9 0,5 1,0 0,6 0,5 4,6 4,7 ACCEPTED
HVGM_emb+found+fluv_PH+wc_w=fl 1_1 15 0,6 0,2 0,1 0,9 0,6 0,8 0,6 0,2 39 6,3 ACCEPTED
HVGM_emb+fluv_w=1 1.111] o5 0,3 0,3 1,0 0,5 1,0 1,0 0,3 4,8 4,8 ACCEPTED
VGM_emb+fluv_wc_w=TMA 1.1 44| 05 0,0 0,0 0,0 1,0 1,0 1,0 1,0 4,5 45 ACCEPTED
VGM_embankment_PH_w=1 115 0,4 0,0 0,0 0,9 1,0 0,9 0,3 0,8 4,3 4,6 ACCEPTED
VGM_embankment_WC_w=1 116 0,2 0,1 04 0,5 0,7 1,0 0,3 1,0 4,1 4,3 ACCEPTED
VGM_emb+fluv_wc_w=1 1.1_12 0,5 0,0 0,3 0,3 1,0 1,0 1,0 0,3 43 43 ACCEPTED
VGM_foundation_PH_w=1 1.110]| o4 0,0 0,0 0,5 0,7 1,0 0,4 0,5 3,6 4,3 ACCEPTED
VGM_aquifer_PH_w=1 1118 o4 0,0 0,0 1,0 0,9 0,8 0,5 0,3 3,8 4,8 ACCEPTED
VGM_emb+found_PH_w=1 1.114] o5 0,0 0,3 0,9 1,0 1,0 0,4 0,6 4,7 53 ACCEPTED
VGM_emb-+found+fluvial_PH+wc_w31 1 1 16 0,8 0,0 0,1 0,4 1,0 1,0 0,8 0,6 4,6 4,6 ACCEPTED
VGM_fluv_w.c._w=1 118 ) 04)] 00| 04| 04] 03 1,0 04 0.3 - REJECTED
VGM_fluv_wc_w=TMA 1140] 00 00 | 05 ] 03] 00 0,0 0,0 0,0 REJECTED
VGM+2cm_emb+fluv_PH_weight=1 | 1_1_28 1,0 0,0 0,3 0,0 0,0 1,0 0,5 0,0 REJECTED
VGM+2cm_emb_wc_w=1 1120] 00 00 ] o1] 03] o8 1,0 0,0 0,0 - REJECTED
VGM+2cm_fluvial we_weight=TMA | 1.1 56 ] 05 0,0 0,4 0,3 0,6 1,0 0,6 1,0 4,4 4,6 ACCEPTED
1 1 1 1 1 1 1 1 8 8

Table37: The average score of each metric of the second phase of the calibration is computed for the different groups of inverse
Fyrtearad bht allyRE FI2WS NENEIDDIS NA 92 TF 2NIGWOKT SR SMHMNR NDQX b L
WwoaAYdzZ FGA2y (12t SN yOSQQ> wh+ F2N WQwl y 3the difeFence belikdn thd inf Q Q> /
of the square residuaht the zero iteration (wth the initial set of parameters) and the last iteration (with the optimized set of
parameters) In the eleventh column the average total score attributed to each group of inverse analysis (Eﬂ@hhse of

calibration) and in the twelfth column the averag total score post second phase (after the elimination of the indirect
simulations that do not fulfil the minimum threshold).

In, comparinghe score of the first calibration phasé each group of inverse analysifth the score 6the
second calibration phaset is possible to observe a different evaluation of the model performarce.
chromatic scale from green (best score) to red (lower score) is used to ease the table reading. The fifth
column in reports the sum of the score of the first plus the second calibration phases.
1 The greatst differences between the scosef the two calibration phases could be observed for
the groups ofinverse analysitHVGM foundation PH w=1 (1 1 9) VGM foundation PH_w=1
(1.1 10)and VGM+2cm_emb_wc_w#£1 1 20) This is due to the fact that a good fit between the
observed and simulated datasdh the first phasalo not exclude problems of correlation between
the optimized parameters, problems of natentifiability of the palameters or low accuracy in the
estimation(parameters and characteristics on which the second calibration phase focuses).
i The foundation layer using a VGM and HVGM and a weighting distribution equal to 1 presents the
poorest results (12,5 for HYGM and QXor VGM). A low performance could be detected also for
the aquifer layer (12,0 for HYGM and 13,0 for VGM).
9 Three groups of inverse analysis have shown an excellent performance in both the calibration
phases (F+2'9: HVGM_embankment+foundation+fluvialcwPH_w=1 (1.1 15);
HVGM fluvial we w=1 (1_1 7) and HVGM_embankment+fluvial wc w=1 (1_1 11). This means
that the hydraulic parameters of the embankment and fluvial layers could be estimated singularly
or together with high accuracy by means of inverse asialy
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AVERAGE| AVERAGE
IDENT. COll SCORE™1 | SCORE™ ACCEPTANCE
PHASE PHASE
HVGM_emb_PH_w=1 111 8,7 47 ACCEPTED
HVGM_emb_WC_w=1 112 111 4,0 ACCEPTED
HVGM_embankment_PH_w=1 113 8.8 4,8 ACCEPTED
HVGM_embankment WC_w=1 114 10,5 4,0 ACCEPTED
HVGM_fluvial_WC_w=1 117 9,7 53 ACCEPTED
HVGM_fluvial WC_w=TMA 1.1 39 8,6 4,3 ACCEPTED
HVGM_foundation_PH_w=1 119 7.7 4,8 ACCEPTED
HVGM_aquifer_PH_w=1 1.1.17 7.7 43 ACCEPTED
HVGM_emb-+found_PH_w=1 1.1 13 9,0 4,7 ACCEPTED
HVGM_emb+found+fluv_PH+WC_w=1 1115 111 6,3 ACCEPTED
HVGM_emb+fluv_wc_w=1 1.1 11 12,8 4.8 ACCEPTED
VGM_emb+fluv_WC_w=TMA 1.1 44 9,6 4,5 ACCEPTED
VGM_embankment_PH_w=1 115 8,6 4,6 ACCEPTED
VGM_embankment WC_w=1 1.1.6 11,0 4,3 ACCEPTED
VGM_emb+fluv_WC_w=TMA 1112 9,4 43 ACCEPTED
VGM_foundation_PH_w=1 1.1.10 6,7 4,3 ACCEPTED
VGM_aquifer_PH_w=1 1.1.18 8,2 4,8 ACCEPTED
VGM_emb+found_PH_w=1 1.1 14 9,0 53 ACCEPTED
VGM_emb-+found-+fluvial_PH+WC_w=1 1116 11,0 4,6 ACCEPTED
VGM_fluv_WC_w=1 118 9,6 3,1 REJECTED
VGM_fluv_ WC_w=TMA 1.1 40 5,6 0,8 REJECTED
VGM+2cm_emb+fluv_PH_w=1 1.1 28 10,0 2,8 REJECTED
VGM+2cm_emb_WC_w=1 1120 11,2 2,1 REJECTED
VGM+2cm_fluvial WC w=TMA 1156 9,5 4,6 ACCEPTED
15 8

Table38: The scors of the first calibration phase are compared to the scaref the second calibration phase of each group of
inverse analysisThe third column reports the sum of the scores of th&-™ phases. In redhe four groups of inverse analysis
that do not overcome the second calibration phase.

As introduced before, the Response Surface Analysis is an effective way to investigate the behaviour of the
objective function in proximity of the optimized couple of pareters and the welposedness of the
inverse problem. Th&esponse Surface Analyisisable to detecthe presence of local minima in proximity

of a global minimum and any potential problems of parameter correlation and sensitivityahd, three
examplesof Response Surface Analyajplied to three couples of parameters’(@ouple belonging to the
embankment layer and the other two couples to the foundation layer) are presented

presents the behaviour ofhe objective function in the 2D space of the optimized paramet€sss
belonging tothe embankment layer (VGMYhe couple of optimized parameters belongs to the group of
inverse analysis 1_1 5 that@hed a good performance both in the first and second calibration phases.

The space of the parameters investigated is between /83360 dpcp T2 NJ ' & 6 dzd)AafH |
8,94*10°-9,0*10° m/min for the saturated permeabilityusing a step of 02*10° m/min).

The surface createlly the values of the objective function-4xis) in correspondence of the coupkes( s)
shows a clear globahinimum. To obtain a smoother surface (no edges) it is only necessary to reduce the
grid of investigation oftte space of the parameters but it is computationally more demanding and for the
purpose of this analysis not necessafe optimized,J: NJ Y S i§ ScqNal to 0,398 while the optimized
saturated permeability of the embankment layer is equal to 8,96*@@min. The same information could

be obtainedfrom the 3D graph on théeft and its projection on the vertical plain-gxaxis and ¥ axis). No
other local minima are detected in the investigated portion of the parameters space.

and representtwo cases in which a defined global minimum has not been found in the optimization of the
coupleKsalfa andKs* s of the foundation layer (HVGM). As it is possible to obsieone the 3D surfaceim

, the objective functions decreas¢owards very low values of alfa (<0,02) which are unacceptable values
for the investigated layer and far lml the reliable values obtained by laboratory tesi®e poor
performance of the indirect simulationskKsa |+ ¥y ROgd2x R 6S SEGSYRSR G2 ¢
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to the group of inverse analysis 1_1_9 (foundation_HVGM_PH_w=1). lagaxbuld beobserved in, the
performance of this group is quite poor compared to the other groups both in the first and second
calibration phases.

The inverse analysis the two cases presented iand is not able to identify the correct optimized couple

of parametersin the investigated portion of parameter spadghanging the inputet of initial parameters

used in the indirect probleror adding new reliable formation to the dataset of observation point®uld

be possiblesolutions to overcome this problem The investigation of the objective function in the
parameters space could be relevant when problems of correlation between parametersnigureness of

the solution or the possibility of the existence of multiple minima for the same couple of parameters are
detected. Due to the higher computational demand to perform a Response Surface Analysis instead of
applying a set of metrics, only few couples of opteu parameters could be tested when problems are
detected from the application of the set of metrics/indices in tHeahd 2 phases of the calibration. In
fact the Response Surface Analysis is able to corroborate (or not) hypothesis made by the niicteller
the in-depth observation of the values assumed by the metrics.
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Figure 26: The behaviour of the objective function in the 2BD space of the optimized parameters-k &
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embankment layer (VGM) is presented. A clear local minimiswetected in the 3D surface that lies in the spacé s-objective

function (right side on the top)and in the 2Dplain which shows the prfiles of the objective function in the space-k &

oft ST

on the top). The figure in centre on the left represents the values of the objective function without interpolation in thesp&xe,
while the remaining two graphs present the projections of thelues of the objective function on 2D plains-@bjective function

Iy R- objedtive function).
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FOUNDATION LATER_PH DATASET_PARAMETERS k, alfa
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Figure 27:The behaviour of the objective function in the 2BD space of the optimized parameters-k belonging to the

0.15

af

foundation layer (HVGM) is presentedAs it is possible to observe a clear minimum of the objective function has not been
detected in the portion of the parameters space investigated.
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foundation layer HVGM) is presentedAs it is possible to observe a clear minimum of the objective function has not been

detected in the portion of the parameters space investigated.

7_4_1 PRELIMINARY CONCLUSIONS AND FURTHER STUDIES

The indirect simulations that have overcontlee first calibration phaseare tested on a second phage

which the focus is on the optimized parameters aheé goodness of themlooking closely at the last
iteration of the inverse analysis. In this phase thedelerlooks at the level of correlation between the
optimized parametersthe tolerance to which the iteration process stopke accuracy with which the
finite difference matrix equations are being solved (Mass Balance Eittog) number of optimized
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parameters the difference between the sum of the square residual at the zero iteration (using the initial
set of parameters) and at the last iteration (using the optimized set of paramet#rs) number of
iterations and the standard error coefficients dfetoptimized parametersAs in the first phase of the
calibration,a scoring systers appliedto each indirect simulations based on the distance of the obtained
metrics values from the best fi Qimtlie(inaximum score associated to the best fit ofreaeetric and8 is
GKS YIFIEAYdzY 402NB GKI G SIFOK &aAyddg FiAzy O2dZ R |
to the next calibration phaset KSQQ ljdzr ft AGe& LI NFYSGISNERQQ 2F (K
respect to the ones of théirst phase in order talecreag even more theaumber of indirect simulations

OKA
S

QX

53% of the initial number of simulations has overcome the second calibration @imasenly 4 groups of
inverse analysibave beenexcluded (zero successful simulatiariB)e H/GM is the hydraulic model with
the highest number auccessfusimulations, while VGM+2cm has the lowpstcentage due to an overal
difficulty in the convergencef the indirect problem The embankment layer has the highest number of
successful indirgt simulations(and among the highest scoredie to a greater number of simulations
performed with respect to the other layers andage datasetof observation points used ithe inverse
problem The embankment layer and the groups of layers (embanksfRivial; embankment+foundation;
embankment+foundation+fluvial) show the higdtepercentage of indirect simulationevercomingthe
second calibration phase,the only exception isthe HVGM for the groups of layers
embankment+foundation+fluvial. The V&Gmis excluded from the following calibration phase due to an
insufficient performancef the inverse analysighe poor performance of the indirect simulations that use
the TMAT is confirmed also in the second phase of the calibratiercan conclude thathe TMAT is not
able to guarantee good results in the indirect problesnsmall number of simulations that optimig¢he
hydraulic parameters of more than one laybas overcome both the calibration phasethis is a
consequence of the greater difficultiemd lower quality of the indirect simulatismwith increasing number
of optimized parameterdMaintaining a lonnumber of hydraulic parametetteads to a better performance
of the inverse analysis in accordance wtimunek et al (2001) and Hopman et20@2).Moreover it has
been observed thaa simulationusing a pressure head dataset shwavscoresystematically lowefi.e. a
poorer performancewith respect to the same simulation using a water content dataéés. can conclude
that the use of apressue head dataseallows to obtain better results the indirect problemwith respect

to dataset of observation pointsf typology water contentWith good probability this is due tahe greater
range ofvariabilityin which pwp measurementsnove in the 2018simulation periodwith respect to the
water content measurementgslow changesof small entity due to flooding events)Any simulation
optimizing the parameters of the main wetting curve has overcome both the calibration phase1
Thiscould be eplained by the limited hysteretic effectan the riverbank behavioobservedduring the
2018 period which have been investigatedextensivelyin chapter86_1 Looking closely to the scores of
each group of simulationsnportant conclusions could be drawalow score attributel to the mass error
indicatesa low solution accuracyf the indirect problen; alow scoreassociated tothe Yh@mber of
iterationsQificatesthat the obtainedset ofoptimizedparameters diffes only slightly from the initial one.
The high score attributed to the-palue suggests that the equatissystem is able to estimate singularly
the optimized parametersvhile the high score in the simulation tolerance of the indirect simulatigns
proof of the high precision with which the irerse problem has been solveld.has been observed that an
high score obtained in the first phase does not exclpdeblems of parameters neitentifiability, low
accuracyin the parameters estimation, parameters correlatioifie use of the Response SwudaAnalysis
could bea valid help in cas¢he behaviour of the objective function in proximity of a set of optimized
parametershas to be investigated for problems of parameters correlatioqpaiedness of the inverse
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problem, norvidentifiability of a umgue solution ultiple local minima)etc. This procedure idime
consumingand forthis reason,it is convenient to applit only to arestrictednumber ofcasegfew couples

of optimized parameters)The RSAcould be usedwhen the modeler looking at thevalues of the
metrics/indices in the $and 2“ phaseshasdetected problems in the inverse analysis and confirmations
are required.

Chapter 7_6 investigates the influence of thdial set of hydraulic parameteien theresults of the inverse
analysis.The indirect simulations whose performmaes have been evaluated in the first and second
calibration phases start from the same set of initial parametfergerage values from laboratory test).
chapter 7_6 a larger casuistry gossibleinitial sets ofparameters has beempplied to the indirect
simulation of the 2018 periad

7_5 PERFORMANCE EVALUATION OF INDIRECT SIMULATIONS: THE THI
CALIBRATION PHASE

After the second phase of the calibration, the remaining simulations have to be analysed in osgéézdb
the final combinationsof parametersthat enhance the most th@erformance of thénvestigatedhydraulic
modelsand whose performance will be testesh a new simulation period ithe validation phase. It is
extremely relevant to report that due tthe fact that the optimized parameters have been obtained using
different datases of observation points (Phyc, PH+vc) and optimizing differentombinationsof hydraulic
parameters at a timebelonging to one or more layers statistical analysis coulibt be considered
properly representative of the results of the indirect simulations performed on the mddedtatistical
analysis is not robust enough to individuate the optimal parameter of an hydraulic model.

In fact an acceptable statistical sample hasbe obtained under the same conditions in order to be
representative of a populati.

Thenumber of performed inverse simulations is limited (~1100 simulations) with respect to a statistically
significant number because the process of selection ofdi@ameters to be optimized, the input dataset of
observation points chosen and the weigig distributionsgiven to each inpubbserved datare manually

set and not automatically performed by the software. For the same reason, it is not appropriatietdae

the combinations that show theetter performances as the best combination of hydraulic parameters
absolute termdecause there is not a statistical support behind it.

Briefly, rot being able properly to use a probabilistic approach with whighstiggest the final set of
optimized parameters, a deterministic approach has been proposed in which a discrete number of
simulations is analysed and the ones that show the best performance tested in the validation phase.

In the third phase of the calilation, the simulations to be investigated are the ones that have successfully
undergone the second calibration phase.e3& simulations will be analysed using the same dataset of
observation points, given by the available sensors which recorded datatidrsand water content during

the calibration period (201&ndusing the same set of metriceifoducedin the first calibration phase) to
guantify the fit between simulate@bserved data. Inhe third phase of the calibratiorthe attention is
focused o the performance of the single sensors and not on the overall performantteeafthole set of
available sensors as done in tfiest calibration phaseThe sets of hydraulic parameterghat show also in

this phase the best performance will be tested hetvalidation phase on the 2019 simulation perimd
investigate their predictive ability on a new period and on a new dataset of observation points.

In third calibration phase, the set of metrics chosen to evaluate the performanaheofemaining 81
indirect simulationsthat have overcome the"3calibration phaserethe following:
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- -RMSE, RMAEfor the accuacy metrics

- L1 QZ kh NSEJor the{efliciency metrics.
Robust and objective quantitative metrics that have shown a good ability to ¢hé&tvehaviour of the
model performance also in the first calibration phage.lower number of metric has been adopted
compared to the first phase of the calibration in order to maintain a manageable number of indices for
each indirect simulation.

Once agm, the attention is focused on the match observeithulated data of the most relevant sensors
which recorded in situ datduring the calibration periodlhe considered2 sensors ar¢he following
PZL_10m PH_foundatioh, MPS6_MPB2_2,7n(PH_foundatiofp, PZ1 17m RH_fluvia), T8_TB1_89m
(PH_foundation), MPS6_MPC1 4,6m (PH_embankmenyPS6_MPC3_6,2m PK_embankment
MPS6_SPC1_7,0nPH_embankment T8 TC2_8mPH_embankment GS3_MPB2_2 2mw(c._fluvia);
GS3_MPC1_2,4mw(c._embankmernt GS3_MPC1_4,5mw.. embankment and GS3 _SPC2 7,1m
(w.c._embankmernjt

For each indirect simulationhé set of metrics hebeenapplied toeach sensor in order to investigate in
detailits performance.

While thefirst calibration phase has focused the attention on the periance of all the available sensors
together during the floodpeak off-peak periods and during the wholsimulation period (peakoff-peak
periods), in this phase the attention is concentrate on the performance of the single observation
points/sensors dung the whole simulation periodnd on the two main flood events of the 2018 period
(flood C and G imrigure  20). Flood C has been recorded in the period 9/1224W12/17 and flood G in

the period 6/3/1827/3/18. The flood events pre persistent in time and that have reached a medihigh

water level are the most relevant for a firggained riverbank as the one under investigation because the
profile of suction has time to propagate more deeply in the bank body. The presented smtenf metrics

is applied to the performance of each sensor on the whole simulation period and on the flooding periods
C+G (n°12 sensors * 7 metrics *2 (floods events+whole period) = 168 metrics for each indirect simulation).

The reduction of thenumberof simulations (compared to the initial numbeajter calibration phases 2+
allows to investigate thie performance closer and in greater detail compared to the previous calibration
phases. The final goal of the present calibration phasbtainingthe best possible match between in situ
data and simulated data in the observation points that are of key importance for a good representation of
the embankment behaviour during the simulated time period.

In order to ease the choice of the best indirect siatigns, their performance is compared to the one of a
reference simulation (base simulation) that uses the initial set of hydraulic parameters. The simulations
that use HVGM will be compared to the performance of the base simulation that use the HVGaithghil
simulations that use VGM will be compared to the base simulation VGM.

RPN SIFOK aSyaz2NE GKS RAFFSNBYOS p 06SG6SSy (GKS Ol f
value of the same metric of the simulatiadhat usesthe initial parameters dataset (base simulation) is
calculated as followgequation 143]

3 0 0 [equation 143
whereiisthedi K aSya2NJ O2YyaAREKERSGINROXDEY a2 REANBRKS 1T mXT
0 s the value of the metric+kh for the ith sensor of the simulation to be investigated

0 isthe value of the metric-th for the ith sensor of the base simulation.

The differences is positive for the metrics®E L ! QX . i thedpErformén®e of the investigated

simulation is better than the one of the base simulation because the best fit of these metrics is 1. The
difference 3= is negative for the metrics RMSE, MAE, ;N8Bhe performance of the investigated
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simulation is better than the one of the base simulation because the best fit of these metrics is 0. For each
aSyaz2Nl WQA Q8 sof theksét of andrYes i8 Gmpiitkd3aking into account that the of RMSE,

MAE and NSEB summed with a negafe sign as follows [equatiori4]:

3 F 3 3 3 3 3 3 [equation 144]

Due to the fact that the sensors atecated in different positions in the bardectionand they measure
different physical propertiesiater potential2 NJ ¢ 1§ SNJ O2y G4 Sy a0 GKSe& KIF @S
performance evaluation.

PZ1 10m and PZ2_17ane piezometers located at 10 nmé 17 m from the soil surface in the saturated
zone of theriverbank, their relevance for the representation of the pore pressure distribution during the
investigated period is surely of minor importance compared to the sensors inrtbaturated zone oftte
section.

For this reason their weight is set equal to 0,5. The weight of the sensors which measure water content in
the unsaturated zone as sensd®$3_MPB2_2,2n6S3_ MPC1 2,46S3 _MPC1 _4,5mMS3_SPC2_7,1m

set equal to 0,75 becaudhe final aim ofthe modelling is the elaboration of a reliable pwp distribution in
the most relevant instants of the simulation and the calculation is solved in terms of pressure Ttead
weights of the sensors which measurveater potentialin the unsaturated zonéor the same reason are set
equal to 1.

Inl adzYYFNE 2F (GKS RAFFSNBY(d WQsSAIKGIAQQ F2NJ 0KS

Sensor Weight Sensor Weight
PZ1_10m (PH) 0,5 MPS6_MPB2_2,7iPH) 1
PZ2_ 17m (PH) 0,5 T8 TB1_4m (PH) 1
GS3_MPB 2,2m (wc) 0,75 MPS6_MPC1_4,6m (PH) 1
GS3_MPC1_2,4m (wc) 0,75 MPS6_MPC3_6,2(FPH) 1
GS3_MPC1_4,5m (wc) 0,75 MPS6_SPC1_7,0iAH) 1
GS3_SPC2_7,1m (wc) 0,75 T8 TC2_8n(PH) 1

Table39 Weights attributed to each sensor according tioeir position in the bank section and the type of information that is
recorded (water potential or water content)

For each sensos; is multiplied by its weightl( ). Then, for each simulation, we defige
3 B 3 ) [equation U45]

3 measures the global enhancement with respect to the base simulation.

Different weights are attributedo the set of chosen metrics/indices in order to have a balanced score
between the accuracy metricRMSE, R MAE) and efficiency metricsL(! QX b, {NSR). Irb thé®
different weights of the chosen metrics are listed:

ACCURCY METRICS EFFICIENCY METRICS
1 1
0,5 0,33
0,5 0,33
0,33

Table40Weights attributed to the different accuracy and efficiency metrics

In and the values of s are reported for each considered sensor and for each indirect simulation that
has overcome the second calibration phase (81 simulations) and in the last column the finglsgcfme

each simulation is providedeports the scores computed on the whole simulation period wiiie scores
computed on the flood periods C+G. The indirect simulations that show the best performance on the two
considered simulation periods are underlinedpink.
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In the list of the indirect simulations that performed optimally during the whole simulation period and/or

in the flood periods are reported: in red the 9 simulations with the highest score in both the investigated
periods. Tlese 9 indirect simulations will be tested in the validation phase on the 2019 simulation period.

In the scores (whole period) attributed to each senduy the 9 simulationshat perform better in the third
calibration phase. In pkithe sensors that show an enhancement with respect to the base simul@ione

>0). As could be observed 3 sensors over 12 do not show an enhancement in any chosen indirect
simulations (PZ1_10m; MPS6_SPC1_7m; GS3_MPC1 2,4m). From the values of sh¢&>s0préd is
possible to observe that the greatest enhancements are registered for GS3_MPC1_4,5m;
MPS6_MPC1 4,6m; T8 TC2 8m and to a minor extent for GS3_SPC2_7,1m.

In the numbering used to refer to the considered sensors fromelaT out is reported.
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FLOODSC' AND"G" | tota*W;

TOT SCOR

nsim
114 -41,8 -82,0 -41,2 -0,2 0,0 0,0 0,1 0,1 -0,1 -0,2 -0,2 -0,1 -165,8
115 153,8 300,6 151,1 0,9 0,0 0,0 -0,1 -0,1 0,2 0,5 0,5 0,2 607,6
1.1 15 -0,1 -0,3 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -0,6
119 2,2 4,3 2,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 8,6
1111 85,3 167,0 83,9 0,5 0,0 0,0 -0,1 -0,1 0,1 0,3 0,3 0,1 337,4
1.1 12 -41,8 -82,0 -41,2 -0,2 0,0 0,0 0,1 0,1 -0,1 -0,2 -0,2 -0,1 -165,8
1113 -6,6 -13,0 -6,5 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -26,2
1.1 14 23,7 46,5 23,4 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 93,7
1.1 16 -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -11
1.1 17 143,6 280,6 1411 0,8 0,0 0,0 -0,1 -0,1 0,2 0,5 0,4 0,2 567,2
122 342,0 657,5 331,7 33 0,0 -0,1 -0,4 -0,3 0,6 1,9 1,7 0,6 1338,4
126 339,6 654,4 330,1 3,1 -0,3 -0,4 -0,5 -0,5 0,0 1,2 1,2 -0,1 1327,8
1.2 12| 336,6 649,2 3273 3,0 -0,1 -0,2 -0,3 -0,3 0,4 1,7 1,6 0,4 1319,3
135 184,3 359,8 180,9 11 0,0 0,0 -0,2 -0,2 0,3 0,7 0,6 0,3 727,6
1.3 12 30,9 60,5 30,4 0,2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 1219
1.3 15 -0,1 -0,3 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -0,6
139 -34 -6,7 -3.4 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -13,6
1.3 10 -21,0 -41,1 -20,7 -0,1 0,0 0,0 0,0 0,0 0,0 -0,1 -0,1 -0,1 -83,1
1.3 11 85,3 167,0 83,9 0,5 0,0 0,0 -0,1 -0,1 0,1 0,3 0,3 0,1 3374
1313 -72,4 -142,0 -71,3 -0,3 0,0 0,0 0,1 0,1 -0,1 -0,4 -0,3 -0,2 -286,8
1.3 14 23,7 46,5 23,4 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 93,7
1.3 16 -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,1
1.3 17 99,6 194,9 97,9 0,5 0,0 0,0 -0,1 -0,1 0,1 0,2 0,2 0,1 393,5
143 337,8 649,9 327,7 3,2 0,2 0,1 -0,4 -0,2 11 2,4 21 1,3 1325,1
146 335,9 648,3 327,0 2,9 -0,3 -0,4 -0,4 -0,5 -0,2 0,7 0,8 -0,1 1313,7
147 323,1 625,2 315,1 2,6 -0,2 -0,4 -0,5 -0,5 0,0 11 11 -0,1 1266,5
1.7 10 -0,4 -0,8 -0,4 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,7
193 -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,2
1.9 10 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,6
1.9 13 -0,6 -1,1 -0,6 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,3
1.9 16 -3,3 -6,4 -3,2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -13,0
1.11 3 341,9 657,4 331,7 33 -0,1 -0,2 -0,4 -0,3 0,3 1,6 15 0,3 1337,1
1 11 4| 3348 645,3 325,2 3,0 0,2 0,1 -0,4 -0,2 1,0 2,4 21 1,3 1314,9
1.13 3 14,0 275 13,8 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 55,6
113 4| 3179 619,9 311,8 21 0,1 0,0 0,2 0,2 -0,2 -0,5 -0,4 -0,3 1250,8
1_13_10| -404 -79,2 -39,8 -0,2 0,0 0,0 0,0 0,0 0,0 -0,1 -0,1 0,0 -159,7
113 11 -19,2 -37,6 -18,9 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -75,8
113 13| -16,9 -33,1 -16,6 -0,1 0,0 0,0 0,0 0,0 0,0 -0,1 -0,1 0,0 -67,0
1_13_15 -0,7 -14 -0,7 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,9
1_15_15 1,6 3,2 1,6 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,0 0,0 6,5
117 14 2,2 4,3 2,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 8,6
1_17_16 2,2 4,3 21 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 8,6
1.39 3 -0,6 -1,1 -0,6 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,3
1_10_12] 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,00
1_10_14] -0,3 -0,6 -0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,11
1 10_10] 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,00
1_10_17| 0,6 11 0,6 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 2,31
1.14 2 -1,2 -2,4 -1,2 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 -4,62
1.14 3 64,2 125,7 63,1 0,3 0,0 0,0 -0,1 -0,1 0,1 0,4 0,3 0,2 254,18
1.14 4 15,2 29,7 149 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 60,09
114 11y -155 -30,3 -15,2 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -61,16
1_14_15 1,3 2,5 1,3 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,0 0,0 5,17
1 12 4| 3379 650,1 327,8 32 0,2 0,1 -0,4 -0,2 11 2,4 21 1,3 1325,60
1.16 2 -0,1 -0,3 -0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -0,58
1.16 4 10,6 20,8 10,5 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 42,15
1.16 5 32 6,2 31 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 12,65
1.16 6 -0,4 -0,9 -0,4 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -1,77
1_16_10 1,9 3,7 1,9 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 7,51
1_16_13] 4,4 8,6 4,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 17,52
1_16_15 -1,3 -2,6 -1,3 0,0 0,0 0,0 -0,1 0,0 0,1 0,1 0,1 0,1 -5,00
1_16_17| 23 4,5 2,3 0,0 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 9,28
1_18_10 0,3 0,6 0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 1,11
1_18_11f 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,55
1_18_14] 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,56
1_18_15 0,3 0,6 0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 1,11
1_18_16| 0,1 0,3 0,1 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,56
1_18_17| 0,3 0,6 0,3 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 1,11
1_56_10| -15893,1 -31618,1 -15829,3 -20,9 -0,5 2,6 29,6 47,0 -24,9 -81,4 -57,6 -31,9 -6,35E+04
153 4,1 8,0 4,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 16,20
154 -11,3 -22,1 -111 -0,1 0,0 0,0 0,0 0,0 0,0 -0,1 0,0 0,0 -44,63
155 66,5 130,1 65,4 0,4 0,0 0,0 -0,1 -0,1 0,1 0,2 0,2 0,1 262,86
1511 22,3 43,7 22,0 0,1 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 88,26
1.5 12 -5,3 -10,3 -5,2 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -20,85
1.5 14 29,4 57,6 28,9 0,2 0,0 0,0 0,0 0,0 0,0 0,1 0,1 0,0 116,25
1.5 10 -30,1 -59,1 -29,7 -0,1 0,0 0,0 0,1 0,1 -0,1 -0,2 -0,2 -0,1 -119,44
1.5 13 -0,7 -1,4 -0,7 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 -2,91
1.5 16 0,7 14 0,7 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 0,0 2,83
1.5 17 42,2 82,7 41,6 0,2 0,0 0,0 0,0 0,0 0,1 0,2 0,1 0,1 167,12
163 342,1 657,7 331,8 33 0,0 -0,1 -0,4 -0,3 0,6 2,0 1.8 0,7 1338,96
169 340,2 655,4 330,7 3,1 -0,2 -0,4 -0,5 -0,5 0,1 1,3 1,2 0,0 1330,45
Table4lyY { O 2.MN3 aattriputed to each considered sensor of each indirect simulation that has overcome the second

calibration phase. Metrics are applied to the flood period (C+G).

158



WHOLE SIMULATION PERI

Dtotal* wi

TOT SCOR
Nsim
114 0,01 0,07 0,15 -0,03 3,39 -0,14 0,04 8,11 -0,05 4,73 -3,47 0,18 12,98
115 0,00 0,12 0,12 -0,03 -21,79 -0,13 0,05 7,31 -0,04 -55,18 223,56 0,51 154,52
1.1 15 0,01 0,03 0,12 -0,02 0,68 -0,01 0,00 -0,22 -0,02 0,04 -0,36 0,01 0,25
119 0,00 0,00 0,02 0,00 4,29 0,01 0,00 -0,09 0,01 0,50 5,50 0,02 10,26
1.1 11 0,00 0,06 0,01 0,00 -12,81 -0,07 0,04 4,73 0,00 -18,85 124,03 0,28 97,43
1.1 12 0,00 0,01 0,01 0,01 0,96 0,00 0,01 0,69 0,01 0,10 -61,47 -0,28 -59,96
1.1 13 0,00 0,00 0,01 0,00 3,31 0,00 0,01 0,42 0,01 0,86 -8,57 -0,04 -3,99
1.1 14 0,00 0,05 0,03 0,00 -8,96 -0,06 0,04 4,32 0,00 -5,33 33,78 -0,05 23,84
1.1 16 0,00 0,00 0,02 0,00 0,25 0,00 0,00 0,05 0,01 -0,03 -0,13 0,00 0,17
1.1 17 0,00 0,12 0,02 -0,01 -21,23 -0,16 0,05 9,86 0,00 -48,23 208,97 0,44 149,84
122 -0,19 0,02 0,16 -0,16 231,19 -0,88 -1,00 28,18 0,45 -139,96 538,39 2,96 659,14
126 -0,36 0,16 0,04 -0,11 230,61 -1,95 -1,68 44,02 0,43 -91,19 535,14 2,67 717,79
1.2 12 -0,22 -0,04 0,05 -0,15 236,08 -0,94 -1,08 29,77 0,57 -188,07 532,65 3,07 611,68
135 0,00 0,15 0,13 -0,03 -28,06 -0,17 0,05 9,48 -0,03 -81,40 269,62 0,65 170,40
1.3 12 0,01 0,10 0,15 -0,03 -17,97 -0,09 0,04 4,77 -0,04 -9,69 40,90 -0,11 18,05
1.3 15 0,01 0,03 0,12 -0,02 0,68 -0,01 0,00 -0,22 -0,02 0,04 -0,36 0,01 0,25
139 0,00 0,00 0,06 0,01 -4,39 0,00 -0,01 -0,26 0,00 -0,69 -6,18 -0,02 -11,47
1310 0,00 0,01 0,02 0,00 0,38 0,00 0,01 0,50 0,01 0,55 -31,23 -0,13 -29,90
1.3 11 0,00 0,06 0,01 0,00 -12,81 -0,07 0,04 4,73 0,00 -18,85 124,03 0,28 97,43
1.313 0,00 0,02 0,03 0,01 -3,69 -0,02 0,02 1,42 0,00 -2,05 -104,81 -0,44 -109,53
1.3 14 0,00 0,05 0,03 0,00 -8,96 -0,06 0,04 4,32 0,00 -5,33 33,78 -0,05 23,84
1316 0,00 0,00 0,02 0,00 0,25 0,00 0,00 0,05 0,01 -0,03 -0,13 0,00 0,17
1.3 17 0,01 0,10 0,07 0,01 -29,96 -0,12 0,05 7,22 -0,01 -32,61 141,67 0,16 86,59
143 -0,02 -0,15 0,02 0,03 -16,78 0,03 -0,27 -12,86 -0,04 -376,77 530,17 3,20 126,56
146 -0,49 0,24 0,07 -0,11 234,95 -2,78 -2,47 58,70 0,42 -58,70 530,28 2,49 762,59
147 -0,36 0,23 0,10 0,04 37,66 -3,08 -2,17 58,44 -0,27 -123,37 511,02 2,81 481,05
1.7 10 0,00 -0,04 0,03 -0,11 1,73 0,03 0,02 -0,35 26,43 -0,07 -0,62 -0,02 27,02
il, &) 2 0,00 0,02 0,12 -0,03 1,78 0,00 -0,01 -0,47 -0,02 0,03 -0,68 0,00 0,74
1.9 10 0,00 0,02 0,04 0,01 -1,65 -0,01 0,00 0,61 -0,01 -0,12 0,63 0,01 -0,47
1.9 13 0,00 0,01 0,01 0,02 1,16 0,01 0,00 -0,07 -0,02 -0,08 -0,40 -0,01 0,62
1.9 16 0,00 0,00 0,06 0,01 -3,21 0,00 -0,01 -0,34 -0,02 -0,78 -5,85 -0,03 -10,16
1.11 3 -0,24 0,00 0,06 0,38 228,54 -1,30 -1,27 34,62 3,24 -142,10 538,75 3,01 663,71
111 4| -0,02 -0,24 0,01 0,01 -16,22 0,04 -0,24 -12,03 26,38 -335,37 521,50 3,07 186,88
1133 0,01 0,03 0,14 -0,01 13,84 -0,01 0,01 0,12 -0,01 2,03 21,95 0,09 38,19
1.13 4 0,01 0,04 0,15 -0,02 2,97 -0,03 0,02 1,54 -0,02 -4,90 -154,75 -0,66 -155,66
113 10| 0,00 0,04 0,06 0,04 -36,73 -0,08 0,01 3,71 -0,11 -3,53 -60,70 -0,13 -97,42
113 11y 0,01 0,03 0,10 0,01 -1,10 -0,07 0,03 4,30 -0,02 2,02 -26,07 -0,03 -20,78
1 13 13 0,00 0,01 0,00 0,00 -1,71 0,00 0,00 0,27 0,00 0,20 -24,25 -0,11 -25,59
1 13 15 0,00 0,01 0,02 0,00 0,58 0,00 0,01 0,66 0,00 0,29 -0,60 0,01 0,98
1.15_15 0,01 0,02 0,24 0,03 -2,82 -0,06 -0,01 1,51 -0,24 -0,05 3,25 0,05 1,94
117 14 0,01 0,02 0,16 -0,02 5,42 0,00 0,00 -0,44 -0,02 0,59 511 0,02 10,84
1.17_16] 0,01 0,02 0,16 -0,02 5,42 0,00 0,00 -0,44 -0,02 0,59 511 0,02 10,84
1.39 3 0,00 -0,07 0,12 -0,05 2,66 0,01 0,00 -0,58 26,40 0,05 -0,95 -0,01 27,58
1.10_12) 0,00 0,01 0,10 -0,05 0,27 0,00 0,00 -0,09 0,01 -0,02 -0,05 0,00 0,18
1.10_14] 0,00 -0,01 -0,04 -0,08 0,83 0,01 0,00 -0,07 0,04 -0,01 -0,27 -0,01 0,40
1.10_10] 0,00 -0,01 0,00 -0,05 0,16 0,00 0,00 -0,11 0,01 -0,02 -0,03 0,00 -0,05
1.10_17 0,01 0,04 -0,02 -0,02 -3,09 -0,02 0,01 1,24 0,00 -0,04 1,23 0,02 -0,64
1.14 2 0,01 0,02 0,08 -0,03 -0,49 -0,04 0,02 2,68 -0,02 1,60 -0,64 0,06 3,26
1.14 3 0,00 -0,01 0,11 -0,03 56,37 0,01 0,04 1,31 0,10 7,32 103,06 0,38 168,65
114 4 0,01 0,00 0,05 -0,03 -0,83 0,00 0,00 -0,31 0,00 -0,71 21,44 0,10 19,70
114 11y 0,02 0,05 0,03 0,08 -4,23 -0,03 0,01 1,51 0,00 0,36 -20,14 -0,07 -22,42
1 14 15 0,01 0,05 -0,07 -0,03 -6,39 -0,04 0,01 1,66 -0,02 -0,14 2,37 0,05 -2,53
1.12 4 -0,02 -0,25 0,04 -0,04 -15,99 0,04 -0,26 -13,18 26,35 -375,45 529,82 3,20 154,26
1.16_2 0,01 -0,01 0,00 -0,05 0,42 0,01 -0,01 -0,48 0,01 -0,21 -0,02 -0,01 -0,34
1.16_4 0,01 0,02 -0,06 -0,06 0,83 -0,01 0,01 0,85 571 0,52 16,89 0,09 24,80
1.16_5 0,01 0,05 -0,03 0,01 -2,11 -0,03 0,02 1,87 -0,03 0,45 7,58 0,06 7,85
1.16_6 0,01 0,00 0,08 -0,04 -0,66 0,00 0,00 -0,04 0,00 0,07 -0,73 0,00 -1,32
1.16_10] 0,01 0,04 -0,12 -0,04 -1,36 -0,01 0,00 0,33 0,05 -0,29 3,63 0,01 2,25
1.16_13] 0,00 0,00 0,03 -0,05 -1,28 0,00 0,00 -0,24 -0,09 -0,24 8,24 0,04 6,42
1.16_15 0,01 0,09 -0,02 -0,05 -3,52 -0,08 0,04 5,05 0,00 2,10 0,32 0,10 4,02
1.16_17 0,01 0,04 -0,01 -0,04 -5,39 -0,02 0,01 1,31 0,08 -0,31 4,88 0,04 0,59
1.18_10] 0,01 0,01 0,05 -0,02 -0,89 0,00 0,00 -0,06 0,00 -0,03 0,27 0,00 -0,68
118 11y 0,01 0,00 0,00 -0,05 -0,40 0,00 0,00 -0,23 0,01 -0,05 0,19 0,00 -0,52
118 14 0,01 0,00 0,04 -0,05 -0,59 0,00 0,00 -0,21 0,01 -0,02 0,22 0,00 -0,61
1 18 15 0,00 0,00 0,01 -0,05 -0,35 0,00 0,00 -0,32 0,01 -0,02 0,22 0,00 -0,50
1 18 16| 0,00 0,00 0,00 -0,04 -0,34 0,00 0,00 -0,09 0,00 -0,01 0,11 0,00 -0,36
118 17 0,01 0,01 0,09 -0,04 -0,75 0,00 0,00 -0,19 0,00 -0,01 0,27 0,00 -0,61
1.56_10] -2,20 6,91 -34,35 -0,62 -1,07E+04 -11,96 -6,89 69,65 -4,87E+02 -198E+04 -1,94E+04 -5,04E+01 -5,04E+04
153| 001 0,01 0,02 -0,05 5,72 0,01 0,01 0,06 0,02 0,88 9,27 0,03 15,97
154 0,00 0,00 0,10 -0,04 -0,47 0,00 0,00 0,16 0,01 0,29 -15,70 -0,07 -15,70
155 0,00 0,05 0,06 -0,04 -10,50 -0,05 0,03 3,14 0,00 -12,37 95,27 0,20 75,81
1511 0,01 0,02 0,04 -0,04 -4,69 -0,02 0,01 0,87 0,00 -3,09 33,19 0,07 26,38
1.5 12 0,01 0,00 0,04 -0,05 6,58 -0,01 0,01 0,30 0,02 1,38 -6,99 -0,03 1,28
1.5 14 0,01 0,01 0,07 -0,05 1,36 -0,02 0,02 1,28 0,02 -2,83 43,41 0,08 43,37
1.5 10 0,00 0,01 0,06 -0,04 0,62 0,00 0,00 -0,04 0,01 -0,01 -43,57 -0,21 -43,17
1.5 13 0,00 -0,01 0,06 -0,04 5,66 0,00 0,00 -0,14 0,02 0,86 -0,58 -0,02 5,83
1.5 16 0,01 -1,26E+05 -1,05E+05 -5,19E+04 -1,06E+05 -1,06E+05 -1,07E+05 -1,49E+05 -8,01E+04 -8,01E+04 -7,96E+04 -8,01E+04 -1,07E+06
1.5 17 0,01 0,02 0,05 -0,04 0,51 -0,02 0,02 1,52 0,02 -5,09 62,57 0,13 59,70
163 -0,18 -0,12 -0,10 -0,23 232,31 -0,80 -0,94 27,58 0,65 -143,57 538,44 2,96 656,00
169 -0,32 0,04 -0,05 -0,22 231,73 -1,71 -1,53 40,28 0,60 -97,01 535,64 2,72 710,16
Table 42y { O 2 JNSwa attrjbuted to each onsidered sensor of each indirect simulation that has overcome the second

calibration phase. Metrics are applied to the whole simulation period.
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# FLOODS "C" ANI}] WHOLE PERIC
SCORE; o Wi "G' pi_total*wi | ni_total*wi
1 2 2 |[HVGM_wc_embankment 1338,4 659,1
1 2 6 |[HVGM_wc_embankment_R, 1327,8 717,8
1 2 12|HVGM_wc_embankment_R,‘ r 1319,3 611,7
1 4 3 |HVGM_wc_embankment_s 1325,1 126,6
1 4 6 |JHVGM_wc_embankmentk,h 1313,7 762,6
1 4 7 JHVGM_wc_embankmenik,’ s 1266,5 481,1
1 11 3]VGM_wc_embank+fluviah 1337,1 663,7
1 11 4]VGM_wc_embank+fluvial_s 1314,9 186,9
1 13 4JHVGM_PH_embank+founds 1250,8 -155,7
1 12 4|VGM_wc_embank+fluv s 1325,6 154,3
1 6 3 |VGM_wc_embankmenth 1339,0 656,0
1 6 9 [VGM_wc_embankment? k 1330,5 710,2

Table43: List of indirect simulations that have shown the beperformance in the hird phase of the calibration. In red the
simulations that have obtained a good score both in the performance during the flood periods (C+G) and during the whole
simulation period.

SCORBNVHOLE SIMULATION PERIOD]; oW

TOT

SCORE]|
1 2 2 |HVGM_wc_embankment -0,19 0,02 0,16 -0,16 231,19 -0,88 -1,00 28,18 045 -139,96 538,39 2,96 659,14
1 2 6 |HVGM_wc_embankment_k, -0,36 0,16 0,04 -0,11 230,61 -1,95 -1,68 44,02 043 -91,19 53514 2,67 717,79
1 2 12JHVGM_wc_embankment_R," r -0,22 -0,04 0,05 -0,15 236,08 -0,94 -1,08 29,77 057 -188,07 532,65 3,07 611,68
1 4 6 |HVGM_wc_embankmeni,h -0,49 0,24 0,07 -0,11 23495 -2,78 -2,47 58,70 0,42 -58,70 530,28 2,49 762,59
1 4 7 |HVGM_wc_embankment,’ s -0,36 0,23 0,10 0,04 37,66 -3,08 -2,17 58,44 -0,27 -123,37 511,02 2,81 481,05
1 11 3]VGM_wc_embank+fluviah_ -0,24 0,00 0,06 0,38 228,54 -1,30 -1,27 34,62 3,24 -142,10 538,75 3,01 663,71
1 11 _4]VGM_wc_embank+fluvial_s -0,02 -0,24 0,01 0,01 -16,22 0,04 -0,24 -12,03 26,38 -335,37 521,50 3,07 186,88
1 6_3 |VGM_wc_embankmenth -0,18 -0,12 -0,10 -0,23 232,31 -0,80 -0,94 2758 0,65 -143,57 538,44 2,96 656,00
169 VGM_wc_embankment? k -0,32 0,04 -0,05 -0,22 231,73 -1,71 -1,53 40,28 0,60 -97,01 53564 2,72 710,16

Tabled4: Scores (whole period) attributed to e&icsensor by the 9 simulations that perform bein the third calibration phase. In
pink the sensors that show an enhancement with respect to the base simulation

Sensor n°® 1 2 3 4 5 6 7 8 9 10 11 12

Table45: The table reports the numbering of the considered sensdnattwill be used from here on out.

Summarising, 9Indirect simulations have shown the greatest enhancensewith respect to the base
simulationin the third phase of calibratiarb simulations for the HVGM antifor the VGM:

1 2 2: HVGM_enhancement of thperformance of sensor®, 3 5, 8, 9, 11, 12worsening of the

performance of sensors, 4, 6, 7,10.

1 2 6: HVGM_enancement of the performance ofensors2, 3 5, 8, 9, 11, 12worsening of the

performance of sensors, 4, 6, 7,10

12 12: HVGM_erndncement of the performance ofsensors3, 5, 8, 9, 11, 12worsening of the

performance of sensorg, 2, 4, 6, 7, 10

1 6 3: VGM_enharament of the performance adensorss, 8, 9, 11, 12worsening of the performance of
the sensord, 2, 3, 4, 6, 7, 10

1 6 9: VGM enhancement of the performance a&fensors2, 5, 8, 9, 11, Lavorsening of the performance
of sensos 1, 3, 4, 6, 7, 10

1 11 3: VGM_enhanement of the performance ofensors2, 3, 4, 5, 8, 9, 11, 12vorsening of the

performance of sensors, 6, 7, 10
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1 11 4: VGM_enhancement of the performance of sens&s4, 6, 8, 9, 11, 12worsening of the
performance of sensorg, 2, 5, 7, 10
1 4 6: HYGM_enhancement of the performance of sens@rs3, 5, 8, 9, 11, 12 worsening of the
performance of sensor, 4,6, 7, 10.
1 4 7: HYGM_enhancement of the performance of the sens®ys3, 4, 5, 8, 11, 12worsening of the
performance of sensor, 6, 7, 9, 10.

As it is possible to notice the indirect simulations that have overcome the third calibration phase optimize
the hydraulic parameters of the embankment layer (7/9) and the parameters of embankmet+fluvial (2/9).
The whole set of 9 indirect simulation usew@dataset and a weighting distribution w=1.

It is important to remember that a negative valueaf ) means a worsening of the performance of
the sensorcompared to the base simulation (that uses the initial set of hydraulic parameters) while a
positive value denotes an enhancement of the performance of dbesidered sensorlt must be also
SYLKF &AT SR iixkoklav +®antl doBve5 ape almost impossible to detect in the graphical
representation of the sensors trend in time when compared toltheesimulation.

For this reasononly sensors 5, 8, 10, 11 show enhancemaitsonsiderably importance inSimulation

1 11 _3has the highest number of sensors whose performances have been enhai®#&8 sensors)
compared to the base simulation and the lower number of sensors whose performance is rédli@d
Indirect simulationsl 2 2, 1 2 6, 1 4 6 optimize the same sensotsut the best performancehigher
score)is shownby simulation 14 6.

As could be observedhe majority of the simulations enhansghe performance of some sensors and
reduces the performance of othersno simulation is able to enhance the performance of all the sensors
together, for this reason it is relevant to focus the attention omgl observation points that are most
significant for the analysis.

Sensors ofvater potentialpositioned in the unsaturated zone of the embankment layer such as sefisors
(MPS6 MPB2 2,7m5,(MPS6 MPC1 4,6mj,(MPS6MPC3 6,2m)7 (MPS6 SPC1 7m) and serd¢i8 TB1
4,7m) positioned in the unsaturated zone of the berm are the most significant toelan accurate
map of porewater pressue for future stability analysis

To theset of 9 indirect simulations that has overcome the third calibration phase other 2 simulations are
added. These additional simulations (2_1 3 and 2_3 3) are performelubter 87_7 to investigate the

role of differentweighting distributions on the results of the inverse analysis. The third calibration phase is
applied also to these additional simulations (2_1 3 and 2_3_3). The comparison showed that 2_1 3 and
2_3_3 werethe best performing in chapteg§7_7 (Table 43). In this case the indirect simulations use a
dataset of type PH.

In the scores for the whole simulation period and for the two flood periods (C+G) are presented for the
new indirectsimulations (2_1 3 and 2_3 3). As could be observed both the simulations entience
performance of sensors, 8, 9, 11, 12 for the whole simulation period and of sensors 1, 2, 3, 4, 5, 9, 10, 11,
12 for the flood periods (C+G).

It is relevant to point otithat changes in the sensors performance are in all cases of small emtitipdhe

fact that the set of initial parameterns obtained from a reliable laboratory campaign. Reliable laboratory
tests allowstartingfrom a good performance of the model asdve time in the calibration phase, avoiding
ahigh number of inversanalysego perform especially when a multhyered structure is investigated. The
initial parameters chosen in the preseutcase study showed to be extremely accurate and for thisora

the optimized parameters obtained from inverse analysis are located in a narrow interval close to the initial
parameters

161



This could be easily observed iwhere the set of optimized parameters of thel chosenindirect
simulatons are presented (in red the valuethat show change with respect to the values of the initial
parameters.

{/hwo 621h[9 {Laj [ l&wWhb tOwLh50
TOT SCOH
2 1 3 |VGM_emb_PH flood periodsy | 01 00 -01 180 03 03 137 04 89 4130 19 602,4
off-flood periods=0" ®
VGM_emb_PH_flood
2 3 g | Periods=weights dependentq 01 01 -01 1789 03  -02 142 04 60 4024 18 590,9
water h and permanence; off
flood periods=0" ®
{/hwd 6C[hh5{ UUeWwd !b5 UUDUUG
21 5 |VCM.emb_PH floodperiodsy e ) 5050 ssa5 17 01 01 0,4 04 06 17 15 07 | 10263
off-flood periods=0" ®
VGM_emb_PH_flood
5 3 g | Periods=weights dependentq oo o35 455 17 0a 0,1 04 04 06 17 15 07 | 10008
water h and permanence; off
flood periods=0" ®

Table46: Scores attributed in the third calibration phase to the new indirect simulations (see chapter 87_7). Intpenkensors
that show an enhancement_r(iitom*wi >0) with respect to the performance of the base simulation

‘r ‘s h n Ks ‘m ‘sw hw Ksw ‘r ‘s h n Ks ‘m ‘sw hw Ksw
1.2 2 HVGM] 0,004 0,397 1,704 1,304 9,00E-050,398 0,397 3,408 9,00E-05] 0,0005 0,319 0,251 1,284 2,76E-050,319 0,319 0,502 2,76E-0!
1.2 6 _HVGM] 0,004 0,397 1,640 1,304 7,49E-050,398 0,397 3,280 7,49E-05] 0,0005 0,319 0,251 1,284 2,76E-050,319 0,319 0,502 2,76E-0!
1.2 12 HVGN 0,044 0,397 1,830 1,304 7,89E-050,398 0,397 3,660 7,89E-05) 0,0005 0,319 0,251 1,284 2,76E-050,319 0,319 0,502 2,76E-0!
1_4 6 _HVGM] 0,004 0,397 1,609 1,304 6,26E-050,398 0,397 3,218 6,26E-05] 0,0005 0,319 0,251 1,284 2,76E-050,319 0,319 0,502 2,76E-0!
1_4 7 _HVGM] 0,004 0,351 0,850 1,304 4,31E-050,352 0,351 1,700 4,31E-05] 0,0005 0,319 0,251 1,284 2,76E-050,319 0,319 0,502 2,76E-0!
111 3 HVGN 0,004 0,397 1,708 1,304 9,00E-050,398 0,397 3,416 9,00E-05] 0,0005 0,319 0,027 1,284 2,76E-050,319 0,319 0,053 2,76E-0!
1_11 4 HVGN 0,004 0,351 0,850 1,304 9,00E-050,351 0,351 1,700 9,00E-05] 0,0005 0,399 0,251 1,284 2,76E-05 0,399 0,399 0,502 2,76E-0!
1.6_3_VGM ] 0,004 0,397 1,710 1,304 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05
1.6_9_VGM ] 0,004 0,397 1,647 1,304 7,68E-05 0,0005 0,319 0,251 1,284 2,76E-05
2 1 3 VGM | 0,004 0,397 1,239 1,304 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05
2 3 3 VGM | 0,004 0,397 1,223 1,304 9,00E-05 0,0005 0,319 0,251 1,284 2,76E-05
initial parametd 0,004 0,397 0,850 1,304 9,00E-050,398 0,397 1,700 9,00E-05] 0,0005 0,319 0,251 1,284 2,76E-05 0,319 0,319 0,502 2,76E-0

‘s

h

n Ks ‘'m

fsw

hw

Ksw

‘r

‘s

h

n Ks ‘'m

‘sw hw Ksw

2
6 0,001
12_HVGNI 0,001
6 0,001
7 0,001
0,001
0,001

0,424
0,424
0,424
0,424
0,424
0,424
0,424

0,118
0,118
0,118
0,118
0,118
0,118
0,118

1,142 1,98E-07 0,424
1,142 1,98E-07 0,424
1,142 1,98E-07 0,424
1,142 1,98E-07 0,424
1,142 1,98E-07 0,424
1,142 1,98E-07 0,424
1,142 1,98E-07 0,424

0,424
0,424
0,424
0,424
0,424
0,424
0,424

0,236
0,236
0,236
0,236
0,236
0,236
0,236

1,98E-07
1,98E-07
1,98E-07
1,98E-07
1,98E-07
1,98E-07
1,98E-07

0,010
0,010
0,010
0,010
0,010
0,010
0,010

0,43
0,43
0,43
0,43
0,43
0,43
0,43

0,200
0,200
0,200
0,200
0,200
0,200
0,200

1,200 9,00E-05 0,43
1,200 9,00E-05 0,43
1,200 9,00E-05 0,43
1,200 9,00E-05 0,43
1,200 9,00E-05 0,43
1,200 9,00E-05 0,43
1,200 9,00E-05 0,43

0,387 0,400 9,00E-0!
0,387 0,400 9,00E-0!
0,387 0,400 9,00E-0!
0,387 0,400 9,00E-0
0,387 0,400 9,00E-0!
0,387 0,400 9,00E-0
0,387 0,400 9,00E-0

0,001
0,001
0,001

0,424
0,424
0,424

0,118
0,118
0,118

1,142 1,98E-07
1,142 1,98E-07
1,142 1,98E-07

0,010
0,010
0,010

0,43
0,43
0,43

0,200
0,200
0,200

1,200 9,00E-05

1,200 9,00E-05

1,200 9,00E-05

0,001 0,424 0,118 1,142 1,98E-07 0,010 0,43 0,200 1,200 9,00E-05

initial parametd 0,001 0,424 0,118 1,142 1,98E-07 0,424 0,424 0,236 1,980E-0] 0,010 0,43 0,2 1,200 9,00E-05 0,43 0,387 0,400 9,00E-O
Table47: Sets of optimized parameters that have overcome the third calibration phase (11 indirect simulations). Irtheed
values of the hydraulic parameters changed with respect to the set of initial parameters (last row). Ks and Ksw are in m/min
0al GdzNF SR LISNXYSFoAtAGe 2F GKS RNEBAY3I YR ¢6SGdGAy3a OdNIBS
dimensions.

s
Qax

N

In and, the performances othe two indirect simulationgl 11 4;2 1 3) chosen among the 11 available
are compared with the base simulati@nd the observed dataset for each considered sensarder to
visually observe the behaviour highlighted by the chosen set of metrics/indicesdnifirect simulation

1 11 4 has used a wc dataset to perform the inverse analysis while 2_1 3 a PH dataset.

As could be observed in bothdlgraphs, sensors monitoring the water content using the set of optimized
parameters seem to perform better with respect to sensors monitoring the water potential. This is due to
the fact that the base simulation shows a very good performance in the sionlaf the pwp distribution
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(with metrics close to the best fit) while it shows a poorer performance in the simulation of the water

content distribution. For this reason, obtaining an enhancement in the simulation of the water content is

easier than in tke simulation of the pwp distribution.

1_11 4 - base simulation (set of initial parameters)
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Figure29: Graphs presenting the comparison between the investigated indirect simulation (purple points) with the observed
dataset (blue points) and the base simulation (red points) for easdénsor. The indirect simulation 1_11_ 4 use a dataset of

204SNBI GA2Y

LR AY(a

27T

el wvosdQQod

163



Figure 30 Graphs presenting the comparison between the investigated indirect simulation (purple points) with the observed
dataset (bluepoints) and the base simulation (red points) for each sensor. The indirect simulation 1_11 4 use a dataset of
20aSNBIGA2Yy LRAyla 2F GeLIS wotl QQod

Despite a statistical analysis of the optimized parameters obtained #feed™ and 2 calibration phases is
not legitimate due toa nonuniformity of the conditions in which optimized parameters have been
obtained(as explained extensively at the beginning of chapter §7a Sfandard normal distribution could
be used to visualize the dispersion of the optindizalues (blue dots) anaf the parameters obtained by
laboratory tests (red dotdpr each parameteof the hydraulic models VGM and HVGM.

This representation could give interestimformation on the dispersion of the optimized parametesith

respect o:
- the type ofobserveddatasetsused in the inverse analysis (PH, wc, PH+wc),
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